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Abstract

Single-molecule localisation microscopy is a super-resolution microscopy method capable

of attaining resolutions beyond the diffraction limit of light. Its application to the life

sciences has led to unique insights into the functions and organisation of biological

molecules in cells.

Despite its benefits, its routine usage faces numerous challenges. This thesis examines

several important aspects of these, namely: the detrimental effects of sample drift, insuf-

ficient resolution to resolve many different types of protein complexes, the perturbation

of native cellular states through fluorescent labelling, and the low signal-to-noise ratio

that obfuscates single-molecule detection.

To address sample drift, a novel microscope design is presented and its sample drift is

quantified, demonstrating negligible mechanical drift and obviating the need for drift

correction methods. This reduces experimental complexity and improves the accessibil-

ity and reliability of single-molecule localisation microscopy.

Advances in enhancing resolution are presented through implementing mirror-enhanced

fluorescence in combination with a denoising algorithm. Using both technologies con-

ferred an approximately 15 nm enhancement in resolution, allowing a wider range of

biological molecules to be visualised.

Different methods to label proteins with nanobodies are compared, thereby outlining

the detrimental effects of popular fluorescent labelling methods, as well as highlighting

that different experimental outcomes can be achieved by altering the location of the

amino acid used to conjugate nanobodies to dyes.

Finally, an evaluation and characterisation of a novel deep learning denoising algorithm is

presented, demonstrating that it improves signal-to-noise ratio and resolution for certain

types of noise. This evaluation aids other researchers aiming to use denoising algorithms,

and underlines the strengths and limits of a state-of-the-art denoising methodology.
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Overall, advances to the instrumentation, fluorescent labelling, and software that under-

pin single-molecule localisation microscopy are presented in this thesis. These advances

are expected to aid further methods development, as well as increase the reproducibil-

ity and accessibility of applying single-molecule localisation microscopy to investigate

biological systems.
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1 Introduction

The ability to visualise life at the microscopic level has been paramount in advancing

the life sciences. Developments in microscopy methods and technology have expanded

and enhanced the toolbox with which researchers investigate biological systems, pro-

viding deeper insights into fundamental biology, as well as aiding in the development

of novel technologies that benefit public health and the medical sciences. Fluorescence

microscopy, in particular, has been key in understanding the organisation, function, and

dynamics of biological molecules.

However, the resolution of fluorescence microscopy methods, such as total internal reflec-

tion fluorescence microscopy, confocal microscopy, and light-sheet microscopy is phys-

ically limited by diffraction [1]. Consequently, the maximum achievable resolution is

approximately 200–250 nm [2].

The diffraction limit restricts the available information at the molecular and subcel-

lular levels since many biological structures, such as organelles, viruses, and protein

complexes, are smaller than the diffraction limit. While structural biology methods,

including X-ray crystallography and cryogenic electron microscopy, achieve molecular

resolution (Fig. 1.1), fluorescence microscopy confers high molecular specificity, facile

visualisation of molecules inside of cells, and insights into dynamics. The diffraction

limit, therefore, restricts the unique strengths of fluorescence microscopy.

1.1 Overview of super-resolution light microscopy

Efforts to overcome the diffraction limit eventually succeeded with the development of

super-resolution microscopy, dramatically improving resolutions to approximately 10

nm—a 20-fold increase to that attainable with diffraction-limited methods—thereby

opening up new opportunities to investigate biological systems inaccessible with previous

methods [2–4] (Fig. 1.1). Indeed, the improved resolution has provided new insights

into the functions of biological structures with sizes below that of the diffraction limit
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[5]. Examples include the distribution and role of the HIV envelope protein in fusing

with host cells, the molecular organisation of neurotransmitters in synapses, and the

morphology and dynamics of the peripheral endoplasmic reticulum [6–8].

Fig. 1.1: The approximate length scales of biological systems. A molecule of
rhodamine is depicted as an example.

Super-resolution microscropy encompasses several methods—all of which achieve reso-

lutions beyond the diffraction limit—and can be classified under three broad groups,

depending on their underlying principles. The first group, structured illumination mi-

croscopy (SIM), relies on illuminating a fluorescently labelled sample with a well-defined

periodic pattern, generating a Moiré image that encodes lower spatial frequency infor-

mation about the sample [9, 10]. Through mathematical recovery of the original sample

structure [11], resolutions of up to 100 nm can be obtained.

Expansion microscopy involves the use of a swellable polymer to expand physcially a

fluorescently labelled cell or tissue [12]. As a result, structures that were previously

close together are brought further apart, allowing them to be resolved. Resolutions of

25 nm can be achieved if the sample is expanded iteratively [13]. However, the chemical

treatment applied to cells is necessarily disruptive, limiting expansion microscopy to

fixed cells only.

The final major family of super-resolution techniques achieves resolutions beyond the

diffraction limit by exploiting the photophysical properties of fluorophores to modulate

fluorescence emission. This modulation can be deterministic or stochastic, depending on

the mechanism. Deterministic methods use a principle known as RESOLFT (reversible

saturable optically linear transitions) [14]. Here, a pair of co-aligned lasers is focused at
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the sample where the first laser induces fluorescence excitation while the second laser has

zero intensity at its centre and is tuned to a wavelength such that it induces a transition

to a nonfluorescent state from the excited state [14, 15]. The diameter of the central zero

intensity of the second laser is smaller than the diffraction limit of light, and so scanning

this illumination pattern across the sample produces a super-resolution image [16]. The

most popular realisation of the RESOLFT concept is stimulated depletion emission

(STED) microscopy where fluorophores outside of the central spot are de-excited via

stimulated depletion [17].

Single-molecule localisation microscopy (SMLM) methods share the same principle as

deterministic methods: transfer all but a fraction of fluorophores to a nonfluorescent

state. Instead of using beam shaping and optical methods, however, SMLM uses stan-

dard epifluorescent illumination and relies on stochastic processes to ensure only a sub-

population of fluorophores are imaged [18]. Tens of thousands of frames are then col-

lected, resulting in the temporal separation of fluorescent signals. From each frame, the

fluorophore positions can be localised with precision beyond that of the diffraction limit

by fitting a Gaussian function. Collating all the fluorophore localisations then forms a

super-resolution image (Fig. 1.2b).

Fig. 1.2: A comparison between conventional microscopy and SMLM. a Illustration
of the outcome of diffraction-limited imaging of a fluorescently labelled sample with dimensions
smaller than the diffraction limit. b Illustration of the principle of SMLM.

SMLM techniques differ in the mechanism by which a nonfluorescent state is induced.

Stochastic optical reconstruction microscopy (STORM) uses a combination of high-
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power laser illumination and a reducing buffer to induce photoswitching in organic dyes

[19, 20]. Photoactivated localisation microscopy (PALM) uses photoactivatable proteins

or dyes that can be photoinduced into a fluorescent state [21, 22]. Finally, DNA-PAINT

relies on diffusion and binding between a pair of oligonucleotides, one of which is con-

jugated to the reagent used to label a structure while the other is conjugated to a

fluorescent dye [23].

With SMLM, resolutions of 20–50 nm are attainable [24]—higher than SIM and compa-

rable to STED and expansion microscopy. However, there is considerable complexity for

SMLM in image reconstruction and post-processing [4], as well as greater restrictions

in the choice of fluorophore. SMLM, nevertheless, features a relatively straightforward

optical setup compared to STED, has greater potential for live-cell imaging than ex-

pansion microscopy, and is supported by a range of open-source software [25, 26] which

overcome some of the computational complexity associated with the method. Because

of these factors, the focus of this thesis, hereon, will be on SMLM.

1.2 Challenges facing single-molecule localisation microscopy

Despite the impressive resolution achievable with SMLM methods, these techniques still

face several challenges that limit the localisation precision and accuracy. In SMLM,

localisation precision is defined as the spread of the estimated fluorophore positions

while localisation accuracy is defined as the discrepancy between the true position of

the fluorophore and its estimated position [18]. A measurement with high precision and

low accuracy would result in an estimate of the flurophore location far from the true

position but with low variance (Fig. 1.3). Likewise, a measurement with low precision

and high accuracy would result in the estimated position being near the true position but

with high variance (Fig. 1.3). Localising fluorophore signals with both high accuracy

and high precision is crucial for extracting valid and reliable biological information from

SMLM.
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Fig. 1.3: Illustration of localisation precision and localisation accuracy in SMLM.
An 11 pixel x 11 pixel image of a single-molecule is shown along with the effects of varying
localisation precision and localisation accuracy on the estimation of the position of the
fluorophore. A blue triangle is used to illustrate the true position of the fluorophore while red
crosses are used to indicate estimations of its position.

Numerous experimental factors limit the attainable localisation precision and localisa-

tion accuracy in SMLM. These limitations, in turn, increase experimental complexity,

reduce reproducibility, decrease broader access beyond specialised laboratories, and hin-

der biological interpretation of super-resolution data. First, the attainable resolution is,

in part, limited by localisation precision, and so is insufficient to be used as a complemen-

tary technique to traditional structural biology methods. Second, the long acquisition

times necessitated by SMLM methods results in substantial sample drift, compromising

image resolution, image fidelity, and decreasing localisation accuracy. Third, conven-

tional fluorescent labelling methods often introduce fluorescent proteins or enzymatic

tags as fusion proteins, which can produce experimental artifacts [27, 28], while la-

belling endogenous structures with antibodies introduces a linkage error of 10–15 nm

per antibody [29], worsening localisation accuracy. Finally, the signal-to-noise ratio of

SMLM image sequences is often hampered by shot noise, unspecific labelling, and pho-

tobleaching [18], all of which are exacerbated in STORM and PALM due to the high

laser powers required. The worsened signal-to-noise ratio can lead to imaging artifacts
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that obscure accurate interpretation of biological information.

1.2.1 Improvements in hardware

Increasing the resolution in SMLM to less than 20 nm is highly sought after to narrow

the resolution difference between fluorescence microscopy and structural biology meth-

ods. While X-ray crystallography and cryogenic electron microscopy attain molecular

resolution, the available in situ biological information is limited by the lack of molecu-

lar specificity and the need to average particles or crystallise proteins [30]. Therefore,

improving the resolution of SMLM would broaden the scope of biological molecules

amenable to investigation using light microscopy, yielding novel insights into in situ

molecular organisation and function.

To improve resolution, novel microscopy methods have been recently developed that

combine different super-resolution imaging modalities. Examples of this include MIN-

FLUX and SIMFLUX [3, 31]. The former combines principles from SMLM and STED

while the latter combines concepts from SMLM and SIM. Combining super-resolution

methods, however, requires complex optical systems or are only available as closed sys-

tems, increasing the cost of implementation and lowering accessibility [32, 33]. Instead,

open-source methods that are compatible with existing optical configurations would be

highly desirable. One example of this is mirror-enhanced fluorescence, an imaging con-

figuration where a reflective layer is placed behind a fluorescent sample (Fig. 1.4a). The

presence of the mirror enhances the fluorescence excitation and emission, increasing the

number of photons collected by the objective lens [34]. Since the localisation precision

in SMLM increases with a higher number of collected photons [18], the resolution is

expected to increase with the implementation of mirror-enhanced fluorescence.

The phenomenon of fluorescence at metal interfaces has been characterised theoretically

[35–37] and applied to nanometer-level single-molecule distance measurements [38, 39].

By contrast, applications of mirror-enhanced fluorescence to SMLM have been limited,

with the sole application (at the time of writing) described by Heil et al. 2018 where

mirror-enhanced fluorescence was characterised using antibody-labelled samples [40].

As previously described, the large size of antibodies introduces substantial linkage error

to SMLM, thus limiting the resolution. Further investigation is, therefore, required to
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exploit fully the resolution increase offered by mirror-enhanced fluorescence in SMLM.

Nevertheless, mirror-enhanced fluorescence may offer a versatile platform with which to

integrate other resolution-enhancing methods.

Besides resolution, the achievable resolution and performance of SMLM can also be

hampered by sample drift (Fig. 1.4b), where the positions of fluorophores move dur-

ing image acquisition, owing to the mechanical instability of the microscope [41] and

temperature fluctuations, thereby worsening the localisation accuracy. Since SMLM

achieves resolutions of 25–50 nm, even drift in the range of hundreds of nanometers—

normally negligible in conventional fluorescence microscopy—is sufficient to blur the

super-resolution image and obscure the sample structure (Fig. 1.4b). To address drift,

several methods can be used to correct axial (z-axis) drift and lateral (xy-plane) drift.

For example, a common method to correct axial drift is through active stabilisation of

the focal plane using a piezoelectric-driven objective lens [42, 43]. Images can be cap-

tured throughout the SMLM image sequence and compared to the intensity of the first

image to estimate the axial position. From this estimate, the z-position of the objective

lens can be adjusted to maintain focusing of the sample.

Popular methods to correct lateral drift include the addition of fiducial markers to the

sample, such as fluorescent beads [44], as well as the use of cross-correlation algorithms

during post-processing [45]. Methods that use fiducial markers rely on their persistent

emission throughout an image sequence. By tracking the lateral position of the markers,

the drift trajectory can be quantified and used to correct the xy-localisations of fluo-

rophores. Meanwhile, cross-correlation algorithms correct drift during post-processing

by dividing the image sequence into a user-determined number of subsets and comparing

fluorophore xy-localisations between the batches [45, 46].

While these methods can correct lateral drift, they are often marred by inconsistency

in practice, resulting in tedious protocol optimisation for successful drift correction.

For example, using fiducial markers requires additional sample preparation in which

determining the appropriate concentration of fiducial markers is a challenging, trial-and-

error process [47]. Imaging with a high density of fiducial markers may worsen signal-to-

noise ratio since their fluorescence emission is often brighter than the fluorophores, thus
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undermining the image quality of an SMLM experiment. Likewise, cross-correlation

approaches require parameter tuning to determine the appropriate number of subsets

into which to divide the localisation data and may perform poorly if tuned incorrectly.

Cross-correlation approaches also assume the drift to be stable and gradual, and so may

fail in the presence of abrupt drift. Overall, the additional experimental complexity

introduced by drift correction methods decreases accessibility and increases experiment-

experiment variation in SMLM, hampering reproducibility. There is, therefore, a need

to develop methods capable of addressing drift without requiring additional hardware

or experimentation to provide a platform for more consistent results.

1.2.2 Improvements in fluorescent labelling

Besides optics and instrumentation, the accuracy and reliability of SMLM data is also

influenced by the choice of fluorophore and labelling method. More specifically, the

resolution of SMLM depends on the localisation precision—affected by the number of

collected photons [18]—and the fluorophore labelling density [48], both of which are

directly affected by the fluorophore properties and the labelling procedure. Thus, the

attainable biological information from SMLM depends strongly on the fluorescent la-

belling strategy.

Ideally, labelling methods should fulfil several criteria to ensure the downstream locali-

sation data are accurate and amenable to valid biological interpretations [18]. First, the

fluorophore should be specific to the molecule of interest. Second, the normal physiolog-

ical state of the biological system should be preserved. Third, the fluorophore should be

as physically small as possible to maximise accurate localisation. Finally, the molecule

of interest ought to be tagged with exactly one fluorescent label to prevent multiple

detections for the same molecule.

Common fluorescent labelling techniques including genetic fusion of the molecule of in-

terest with a fluorescent protein [21], introducing the molecule of interest fused to a

dye-reactive enzyme [49, 50], and direct immunolabelling of a molecule using antibod-

ies [19, 51, 52], do not consistently satisfy the above criteria. For instance, fluorescent

proteins have a small size, with diameters of 3 nm [53], but may aggregate or perturb

physiological functions [54]; recent evaluations of Hsp104-fluorescent-protein fusions and
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fluorescent proteins fused to bacterial flagellar motor proteins both demonstrated alter-

ations to normal molecular behaviour [27, 28]. Similar concerns also apply to proteins

fused to dye-reactive enzymes, such as the SNAP-tag and Halo-tag. While antibodies

circumvent these problems by binding to endogenous structures, their large size of 10–15

nm produces a large linkage error. The fluorescent signal may, therefore, be recorded

relatively far from the protein of interest [29]—particularly when using both primary

and secondary antibodies—thereby decreasing localisation accuracy. The large system-

atic error introduced by antibodies also worsens the accuracy of any downstream spatial

analysis methods, limiting biological insight. Furthermore, there can often be large vari-

ation in the specificity of commercial antibodies [55, 56], reducing the reproducibility of

SMLM experiments.

The use of single-domain antibodies (nanobodies) has emerged as a labelling method

to address the above concerns. These are a unique variant of antibodies produced by

camelids and sharks that contain only a single variable heavy chain domain (Fig. 1.4c)

[57, 58], resulting in smaller sizes (∼ 2.5 nm), lower linkage error (Fig. 1.4c) [59],

and higher localisation accuracy. Nanobodies also retain the advantages of antibodies,

namely their high affinity for native proteins and amenability to dye conjugation, and

so they have been increasingly used for fluorescent labelling in SMLM [60].

Despite these advantages, the widespread adoption of nanobodies for SMLM has been

slow, owing to their limited availability for biological targets. While the use of anti-GFP

nanobodies for SMLM has been widely reported [59, 61], the need to engineer cells to

express GFP fusion proteins ablates a key advantage of nanobodies—their ability to

bind endogenous molecules. As such, the best practices, challenges, and pitfalls are

poorly outlined for labelling native structures with nanobodies for SMLM. In addition,

cell fixation and permeabilisation remain the routine methods for nanobody delivery

into cells [60–63]. Thus, better characterisation and investigation of the experimental

outcomes of different live-cell-compatible labelling methodologies would be beneficial for

the development of nanobody technology in SMLM.
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1.2.3 Denoising in SMLM

Finally, the reliability of SMLM data can be worsened by a poor signal-to-noise ratio

(SNR). Low SNR can result in worse localisation precision and may also lead to false

positives (noise detected as a single-molecule signal) or false negatives (single-molecule

signals that are missed), resulting in more artifacts and decreased localisation accuracy.

Noise in SMLM originates from a diverse array of sources that can be broadly divided

into three categories (Fig. 1.4d). The first example is background fluorescence which is

generated from out-of-focus cellular structures, as well as autofluorescence from residual

transfection reagents and fixatives [64, 65]. Another example is unspecifically bound flu-

orophores which result in prominent non-uniform background fluorescence for STORM

and PALM, and elevated background for DNA-PAINT [66]. Finally, different types of

noise can arise from the cameras used to image single-molecules [67]. Camera noise

sources include read noise, which is generated by the camera electronics; dark cur-

rent noise, arising from thermally generated electrons; amplification noise, caused by

the signal amplification process in EMCCD cameras; finally, shot noise arises from the

stochasticity of photon emission and detection, causing statistical fluctuations in the

number of photons that arrive at the camera [68].

Given the detrimental effects of noise in SMLM, the application of denoising algorithms

to improve localisation precision and localisation accuracy is an attractive solution,

particularly for live-cell imaging where concerns over phototoxicity necessitate low-power

illumination and, therefore, poorer SNR [69]. To this end, several denoising methods

for fluorescence microscopy have been developed [68, 70]. However, noise has a greater

influence on the raw images from SMLM than those from conventional fluorescence

microscopy [71], meaning that classical denoising algorithms may not generalise well to

SMLM or may not generalise well between different SMLM samples [72].

In contrast, the application of deep learning may have greater potential for achieving

generalisability. With deep learning, a denoising model may be trained using a super-

vised learning approach or an unsupervised learning approach. The former involves

mapping an input to a known output while the latter does not require a known output
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[73]. For denoising, supervised learning requires pairs of noisy and denoised images [74–

76], thus imposing limitations for biological SMLM data since a denoised ground truth is

rarely attainable. This problem is circumvented by unsupervised approaches where al-

gorithms for image denoising rely on temporal redundancy between adjacent frames [77,

78] or spatial redundancy between adjacent pixels in the same frame [79, 80]. However,

these approaches may not generalise well to SMLM given that images change rapidly

between frames, reducing temporal redundancy, while using spatial redundancy alone

discounts long-range temporal correlations which may improve denoising in time series

data [81]. Furthermore, current deep learning denoising algorithms use convolutional

neural network (CNN) architectures. These architectures have been widely applied to

SMLM [82–85], but suffer from a low effective receptor field [86], meaning that they

are unable to leverage all the available information in an SMLM dataset, as well as

spectral bias [87], resulting in CNNs preferentially incorporating low spatial frequency

information which can lead to oversmoothed images.

Recently, Li et al. 2023 [81] developed a denoising algorithm for SMLM named SRD-

Trans that aimed to address the issues highlighted above using a combination of spatial

sampling and an unsupervised transformer network. Unlike CNNs, the receptive field of

transformers uses the whole image [73], thus utilising all available spatiotemporal infor-

mation in SMLM data to learn a more accurate denoising model. Moreover, SRDTrans

has been designed with lower model complexity compared to other transformer networks

[88–90], thus easing its wider adoption for SMLM.

Despite the merits of the deep learning architecture of SRDTrans, evidence of its effec-

tiveness for biological data was not demonstrated by Li et al. 2023 [81]. For example,

the denoising effectiveness was quantified by measuring the full width at half-maximum

(FWHM) of microtubule line profiles before and after denoising as an indicator of image

resolution. FWHMs of 188 ± 22 nm were recorded for microtubule filaments prior to

denoising which disagrees with well-established literature values of 50–60 nm—from a 25

nm diameter in addition to antibody linkage errors—for microtubule FWHMs [51, 91,

92]. Additionally, microtubules are not ideal resolution standards as under-labelled—

and hence, lower resolution—samples can give narrow FWHMs; the selection of filaments

from which to evaluate resolution is also subjective, increasing the risk of biased analyses
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[93, 94]. Examination of additional biological samples is needed for denoising evaluation

and to ascertain the effectiveness of denoising across different types of noise in SMLM,

particularly because of the heterogeneity of sources of noise.

Overall, a more rigorous assessment of the denoising ability of SRDTrans is required.

The wider SMLM community has historically benefitted from transparent evaluations of

localisation software [25, 26] and clustering algorithms [95]. Further, characterising the

performance of SRDTrans may highlight the limitations and areas of improvement for

further development of denoising algorithms, and may also demonstrate the feasibility

of applying transformer architectures to SMLM since deep learning algorithms based on

transformers have not yet been widely adopted.

1.3 Scope and organisation of the thesis

Several challenges in SMLM have been highlighted in the previous section (summarised

in Fig. 1.4), all of which hinder the acquisition of reliable and accurate biological

information, thereby decreasing reproducibility and limiting the acquisition of useful

biological insight. A secondary effect of the highlighted challenges is the increased

experimental complexity of SMLM and the need for a high level of expertise required to

apply SMLM effectively, both of which decrease access for the broader biological imaging

field.
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Fig. 1.4: Project summary. a Diagram of mirror-enhanced fluorescence. b The detrimental
effects of sample drift in STORM images of immunolabelled microtubules; the filaments have a
smeared appearance without drift correction. Scale bars: 1 µm. c The size difference between
antibodies and nanobodies and the effects on labelling. The purple star represents a
conjugated fluorophore. The linkage error for antibodies is shown above the semi-hollow green
cylinder while the linkage error for nanobodies is shown below. d Different types of noise in
SMLM. The areas enclosed by blue squares represent pixels where distinguishing between
signal and noise is difficult due to shot noise.

33



As such, the aim of this project is to develop and evaluate new methods in each of the

challenge areas highlighted above. More specifically, this project has the following aims:

1. Develop and quantify the drift of a novel microscope design capable of negating

drift through its mechanical construction alone, obviating the use of drift correc-

tion methods and enabling high localisation accuracy to be achieved with simpler

experimental workflows.

2. Implement mirror-enhanced fluorescence as a photonic platform for SMLM to in-

crease the localisation precision and achievable resolution.

3. Assess the labelling efficiency of labelling intracellular proteins in live cells using

nanobodies, as well as different nanobody-dye conjugates.

4. Evaluate the denoising performance of SRDTrans across a range of biological sam-

ples and different types of noise.

5. Apply the above developments through SMLM imaging of a range of biological

samples.

It is anticipated that these developments will both advance the technologies for SMLM

and provide informative guidelines for current technologies, thereby facilitating the ac-

quisition of more reliable, more accurate, and easier-to-interpret SMLM data, all of

which will aid in gaining novel biological insights.

1.3.1 Organisation of the thesis

The remainder of this chapter details the biological samples that are used for bench-

marking throughtout the thesis. Chapter 2 provides a detailed overview of STORM—the

primary modality of SMLM used in this work—and the methods with which resolution

and drift are quantified. Methods for extracting quantitative information from locali-

sation data and denoising methods are also introduced. Chapter 3 is a comprehensive

description of the experimental methodologies. In Chapter 4, the drift quantification

of a novel microscope design is presented, addressing Aim 1. Chapter 5 describes the

implementation of mirror-enhanced fluorescence and attempts to increase the resolution

of SMLM, addressing Aim 2. In Chapter 6, an evaluation of the application of different
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nanobody labelling methods to SMLM is presented (Aim 3). Chapter 7 is a detailed

evaluation, characterisation, and expansion of SRDTrans (Aim 4). Finally, Chapter 8

describes the application of SMLM to investigate the internalisation of SARS-CoV-2

spike protein.

1.4 Biological Imaging Applications

To evaluate potential improvements from new technologies, a range of biological struc-

tures will be imaged, including well-characterised reference standards, as well as samples

without a well-known structural characterisation. The following section contains a brief

description of each sample and its utility for benchmarking in SMLM.

1.4.1 Microtubules

Microtubules are filamentous polymers that consist of α-tubulin and β-tubulin subunits

and form part of the cytoskeleton in eukaryotic cells. Microtubules have a diameter

of approximately 25 nm [96, 97], and so additional structural insights can be gained

through SMLM compared to diffraction-limited imaging.

Fig. 1.5: The structure of tubulin. a Cartoon representation of a zoomed-in view of a
semi-hollow microtubule filament. b Super-resolution image of microtubules in HeLa cells
immunolabelled with antibodies conjugated to Alexa Fluor 647 acquired using STORM. The
scale bar is 1 µm.

Furthermore, their long and continuous filaments are easily identifiable in an SMLM

reconstruction (Fig 1.5b) and are, therefore, conducive to visual assessments of image

quality. While microtubules do not often appear as smooth filaments in SMLM due to

the unevenness of labelling, they nonetheless serve as quick and effective indicators of

image fidelity deterioration from sample drift or labelling errors. For example, filaments
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will appear smeared because of drift and will appear fragmented if the fixation process

has affected their structural integrity [98]. As such, assessments of sample drift and

denoising in later chapters will include microtubules.

1.4.2 Nuclear pore complexes

Nuclear pore complexes (NPCs) are large protein assemblies situated on the nuclear

membrane that mediate translocation of molecules into and out of the nucleus. Struc-

turally, NPCs consist of approximately 500 proteins arranged in a cylindrical array [99].

Out of these proteins, nucleoporin Nup96 is particularly well-suited for fluorescent la-

belling; Nup96 is arranged in two eight-cornered ring structures—a cytoplasm-facing

ring and a nucleoplasm-facing ring with each corner containing two copies of Nup96 12

nm apart, resulting in a total of 32 copies of Nup96 per NPC [100]. 16 copies can be

visualed in a 2D SMLM experiment. The diameter of the ring is approximately 120 nm

for Homo sapiens (Fig. 1.6a) [101].

Fig. 1.6: The structure of nuclear pore complexes. a Cartoon representation of the
vertical cross-section of a nuclear pore complex embedded in the nuclear membrane. b
Super-resolution image of nuclear pore complexes in U2OS cells where nucleoporin 96 (Nup96)
is labelled with Alexa Fluor 647. The scale bar is 1 µm.

The eight-fold symmetry of the ring is, therefore, discernible in SMLM (and other super-

resolution methods) but indiscernible in diffraction-limited microscopy. Thus, the extent

to which the eight discrete corners of the rings can be visualised serves as a reference
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standard for image resolution (Fig. 1.6b) [93]. NPCs also permit facile visualisation

of resolution enhancement beyond conventional SMLM since the two Nup96 subunits

in each corner are better resolved with improved resolution [102]. Finally, similar to

microtubules, NPC rings will appear smeared if image fidelity has been degraded by

drift and will not be visible at all if the SNR is poor.

1.4.3 Vimentin

Vimentin is an intermediate filament that has a diverse array of cellular functions [103].

The diameter of vimentin is approximately 10 nm [104] which is beyond the resolution of

SMLM but additional insights can still be gained compared to conventional microscopy.

Similar to microtubules, the filaments are easily identifiable in SMLM. Thus, the ability

to resolve distinct filaments serves as a visual readout of labelling efficiency, for example

from using a dye-conjugated anti-vimentin nanobody. There has also been a renewed

interest in the cellular function of vimentin, with recent work highlighting its role in

cancer metastasis, pathogen responses, and wound healing [105, 106]. However, vimentin

imaging thus far has typically involved fixed cells [107, 108]. Thus, improvements in

nanobody labelling may facilitate further functional insights into vimentin.

1.4.4 The internalisation of SARS-CoV-2 spike protein

SARS-CoV-2 is an RNA virus responsible for the COVID-19 pandemic. Like other

viruses, its mechanism of infection relies on successful viral entry into cells through

receptor binding [109]. For SARS-CoV-2, virus uptake is initiated by interactions be-

tween the viral spike protein and angiotensin-converting enzyme 2 (ACE-2) receptor at

the cell surface [110]. Internalisation then proceeds along two different pathways. If

transmembrane protease, serine 2 (TMPRSS) is present, the spike is cleaved, exposing

a fusion peptide that facilitates entry into the cell [111, 112]. If TMPRSS is absent,

internalisation occurs through clathrin-mediated endocytosis, resulting in spike protein

cleavage in endosomes by Cathepsin L [113, 114].

Despite the extensive characterisation of SARS-CoV-2 entry and internalisation using

biochemical and structural biology methods [110], there are fewer studies that examine
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the molecular organisation of ACE-2 and spike protein during internalisation, partic-

ularly at the resolutions achievable through SMLM. Moreover, there is an increasing

awareness that oligomerisation of ACE-2 and spike protein plays a crucial role in internal-

isation [115]. Thus, compared to microtubules and nuclear pore complexes—which repre-

sent well-characterised one-dimensional and two-dimensional structures, respectively—

the ACE-2 and spike interaction represents a biological system without a well-defined

structure. Such a system is particularly informative for assessing technological improve-

ments in SMLM since it more realistically resembles addressing a biologically driven

research question where the cellular structure of the sample will likely be unknown a

priori.
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2 Theory

The purpose of this chapter is to outline the principles of single-molecule fluorescence

and localisation that underpin the work to be presented in later chapters, as well as the

principles behind the novel methods and the methods used to evaluate potential im-

provements. Henceforth, discussion will mostly be restricted to direct stochastic optical

reconstruction microscopy (dSTORM) as this imaging modality is used for the majority

of experimental data presented in the thesis.

2.1 Single-molecule fluorescence

Fluorescence is a process where a molecule emits light following absorption of light at

a specific wavelength. Irradiation of a molecule excites an electron from the S0 ground

state to a higher energy state (Fig. 2.1) [116]. From this state, the molecule undergoes

vibrational relaxation and solvent relaxation to the S1 excited state where de-excitation

occurs, resulting in emission of a photon. Because of vibrational relaxation and solvent

relaxation, the emission wavelength is red-shifted relative to the absorption wavelength.

The majority of molecules cycle between the S0 and S1 states upon irradiation. However,

it is possible for a molecule to relax to the ground state via intersystem crossing to the

first triplet state, T1, followed by quenching by molecular oxygen, O2 (Fig. 2.1). This

pathway is exploited in dSTORM to generate stable nonfluorescent, dark states, and

induce photoswitching in fluorophores [24].
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Fig. 2.1: Jab lonski diagram of the underlying photochemistry in dSTORM. S0 and
S1 denote the ground state and first excited state, respectively. T1 denotes the first triplet
state while T1 (red.) denotes the reduced triplet state. RS- represents the thiolate anion. k is
used to denote rate constants with isc, R, and OX used to abbreviate intersystem crossing,
reduction, and oxidation, respectively.

Typically, a buffer containing an oxygen-scavenging system and a mild reducing agent

is used in dSTORM. The oxygen-scavenging system prevents quenching of the triplet

state by molecular oxygen—improving its photostability since reactive oxygen species

are produced in reactions with molecular oxygen [117]. One example of such a system

consists of catalase, glucose oxidase, and glucose. The following reactions are catalysed

by this system:

C6H12O6 + O2
Glucose oxidase

C6H10O6 + H2O2 (2.1)

H2O2
Catalase

H2O +
1

2
O2 . (2.2)

Glucose is oxidised into d-glucono-1,5-lactone and hydrogen peroxide by glucose oxidase.

Catalase then decomposes the hydrogen peroxide into water and oxygen. Notably, the

oxygen produced from breaking down hydrogen peroxide is half the number of moles of

oxygen that is input, resulting in a net decrease in oxygen.

The reducing agent is typically a thiol that facilitates the photoreduction of the triplet
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state to form a stable dark state (Fig. 2.1) [118]. The chemical characteristics of the dark

state differ depending on the fluorophore but generally, its formation involves disruption

to π-electron conjugated systems. For example, the dark state of Alexa Fluor 647, the

most popular fluorophore for dSTORM, is a nonemissive thiolate-dye adduct where the

thiol group disrupts the chromophoric polymethine chain [119]. From this dark state,

fluorophores return to the ground state via stochastic thermal elimination, or photoin-

duced elimination of the thiolate with a 405 nm wavelength laser, thus completing the

photoswitching cycle [120].

The criterion of a stable dark state is a key factor in the performance of dSTORM [91].

More precisely, a fluorophore requires a low duty cycle which is given by:

DC =
τon
τoff

. (2.3)

τon is the time the fluorophore resides in a fluorescent state while τoff is the time the

fluorophore resides in the dark state. The photoswitching kinetics, as well as the on-

times and off-times, can be modulated by the laser power or reducing agent concentration

[120, 121].

Fluorescent signals from fluorophores spaced at a distance below the diffraction limit

are unresolvable in conventional fluorescence microscopy. However, with a sufficiently

low duty cycle—and therefore, sufficiently stable dark states where τoff >> τon—the

majority of fluorophores will reside in a dark state. Since dark state lifetimes are on

the order of 10s or 100s of seconds, imaging with frame rates of 10–100 Hz enables

the temporal separation of fluorescent signal from fluorophores spaced closer than the

diffraction limit. Modulation of photoswitching is, therefore, of critical importance to

the outcome of a dSTORM imaging experiment and, in practice, restricts the number

of available fluorophores since not all fluorophores are amenable to photoswitching.

2.2 Single-molecule imaging

Given a sample labelled with a fluorophore capable of photoswitching, and other desir-

able properties such as a high molar extinction coefficient (ϵ), the fluorescent signal is

typically imaged with a standard, epifluorescent microscope (Fig. 2.2c) for a dSTORM
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experiment. Here, the sample is plated on a glass coverslip, immersed with an ap-

propriate buffer, and sandwiched between the coverslip and a coverslide. For imaging,

the sample is illuminated evenly with high power density (>1 kW/cm2) and the emis-

sion light is filtered by a dichroic mirror and bandpass filter—maximising detection

efficiency—before being focused onto a camera by a tube lens.

Fig. 2.2: Simplified optical layout of a typical epifluorescent microscope for
dSTORM. a Ray tracing of photon detection by an oil-immersion objective lens for a sample
plated on a glass coverslip. θ denotes the collection angle. The coverslide is not drawn for
simplicity. b Ray tracing of photon detection by an air objective for a sample on a glass
coverslip. The detection efficiency is lower due to refractive index mismatch. c Optical layout
of an inverted epifluorescent microscope. Collimated laser light is expanded by lens 1 and lens
2 before focusing onto the objective lens back focal plane by lens 3. The emitted light is
filtered with a dichroic mirror and emission filter before focusing onto a camera.

dSTORM-capable microscopes must satisfy several further criteria to maximise detec-

tion efficiency. The first is that the immersion medium of the objective ought to min-

imise refractive index mismatch. Since samples are plated on glass, the absence of an

immersion medium would result in refraction of the emitted fluorescence away from the

collection angle of the objective lens (Fig. 2.2b). To alleviate this, oil-immersion objec-
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tive lenses with high numerical apertures (NA) are used (Fig 2.2a) since immersion oils

have a similar refractive index to glass [122]. The NA is expressed as:

NA = n sin θ, (2.4)

where n is the refractive index of the immersion medium and θ is the collection angle of

the objective [123], and so the use of high-NA lenses in SMLM (NA > 1.4) maximises

the photon detection from the fluorophores and, therefore, the achievable resolution,

thus facilitating downstream single-molecule localisation.

The second consideration is the magnification achieved by the objective lens and tube

lens. Imaging fluorophores onto a camera discretises the fluorescent signal into pixels. In

order to resolve this signal, it must be sampled at a rate of at least twice the minimum

size, as stated by the Nyquist-Shannon sampling theorem [124]. For example, for a

maximum resolution of 250 nm, the magnification must be chosen such that the pixel

size corresponds to less than or equal to 125 nm on the image plane. A poorly selected

pixel size can result in low localisation accuracy in downstream analyses.

2.3 From single-molecules to super-resolution

With a bright, photoswitching dye and a calibrated optical system, a small subpopula-

tion of single-molecules are imaged per frame in a dSTORM experiment. However, as

previously stated, the spatial resolution is limited by diffraction, given by [123]:

d =
λ

2NA
. (2.5)

d is the size of the resolvable structure and λ is the emission wavelength. To achieve

super-resolution, the fluorescent signal must be localised with an accuracy greater than

the resolution limit.

When imaging with a microscope, the emitted fluorescence undergoes Fraunhofer diffrac-

tion through a circular aperture, producing a blurred spot at the image plane [122]. The

blurring of an object by an imaging system is formally described by the point spread
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function (PSF). The relationship between the image, object, and PSF is given as:

Im(x, y) = Obj(x, y) ∗ PSF(x, y) , (2.6)

where Im(x, y), Obj(x, y), and PSF(x, y) denote the image, object, and PSF, respec-

tively, on a 2D plane while ∗ denotes the convolution operator [125]. A definition of

convolution is given in Appendix: A.1.1.

To localise single-molecules, a mathematical description of the PSF is required. For

Fraunhofer diffraction through a circular aperture, a common model is the Airy disk

(Fig. 2.3a) [126], given as:

I(r) = I0

[
2J1(kNAr)

kNAr

]2
, (2.7)

with

k =
2π

λ
. (2.8)

J1 is a first order Bessel function of the first kind, I0 is the maximum intensity, NA is

the numerical aperture, and r is the radius from the centre. Aside from the Airy disk,

A 2D Gaussian function (Fig. 2.3b) is also a popular model [127]:

I(x, y) =
I0

2πσ
exp

(
−(x− x0)

2 − (y − y0)
2

2σ2

)
. (2.9)

σ is the standard deviation of the 2D Gaussian fit and also is a measure of the PSF

width. x0 and y0 are the centre coordinates of the Gaussian. exp denotes the exponential

function, f(x) = ex. This notation is used throughout this work.

Neither function is an accurate description of the true PSF—the Gaussian function

is a simplified model and the Airy function is only accurate for NAs < 0.7 [127–129]

which are not used in dSTORM. While more complex mathematical expressions provide

more accurate descriptions of the PSF [129–131], Gaussian approximations still achieve

reasonable accuracy when emitter dipole orientations are distributed isotropically [128],

and have advantages due to simplicity and ease of computation.

With a suitable mathematical description of the PSF, single-molecule localisation first

involves approximate localisation of single molecule positions through image filtering
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and local maxima detection (Fig. 2.3c). This step typically involves smoothing the

image for feature enhancement, detecting single-molecules using an intensity threshold,

and extraction of small (6–12 pixel radius) regions of interest wherein each region of

interest contains the fluorescent signal from one molecule (Fig. 2.3d).

Fig. 2.3: Point spread function models and approximate localisation of
single-molecules. The PSFs in a and b have been simulated to be unrealistically large (256
pixels x 256 pixels) and are unrepresentative of real PSFs. a Airy disk simulation of a PSF
using Eq. 2.7, upscaled to a 256 x 256 image with parameters of: I0 = 1000, r = 50 pixels.
The PSF was generated using the Astropy package in Python 3.13 [132]. b Gaussian PSF
simulation using Eq. 2.9, upscaled to a 256 x 256 image, with parameters of I0 = 1000000 and
σ = 18 pixels. The PSF was generated using the Python packages listed in Methods: 3.11. c
Approximate localisation of single-molecules through image filtering and local maxima
detection using the scikit-image package [133] in Python 3.13. The image of single-molecules is
synthetic data generated from the ThunderSTORM plugin in ImageJ 1.54f [134, 135]. The
image was filtered with a difference-of-Gaussians filter using convolution kernels of size σ = 1
and σ = 6 while local maxima were detected with an intensity threshold of 3 times the root
mean square intensity. d Representative 11 x 11 regions of interest of the fluorescent signal
from single-molecules, cropped from the original image in c.

In this work, a 2D integrated Gaussian function was fit to the PSF for all molecules
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which is better adapted to the pixelation of fluorescent signal compared to the Gaussian

function described in Eq. 2.9 [127, 136]. Here, the PSF is given as:

PSF(x, y) = I0∆Ex∆Ey + b , (2.10)

where

∆Ex =
1

2
erf

(
x− x0 + 1

2√
2σ

)
− 1

2
erf

(
x− x0 − 1

2√
2σ

)
, (2.11)

∆Ey =
1

2
erf

(
y − y0 + 1

2√
2σ

)
− 1

2
erf

(
y − y0 − 1

2√
2σ

)
. (2.12)

erf is the error function (Appendix: A.1.2), b is the background intensity, and all other

parameters are as stated in Eq. 2.8. Eqs. 2.11, and 2.12 essentially describe the

difference in the Gaussian cumulative distribution function over one pixel for both the

x-coordinate and y-coordinate.

In single-molecule localisation, the PSF centre coordinates (x0, y0), intensity (I0), stan-

dard deviation (σ), and background intensity (b) are unknown and must be estimated

for each fluorophore from its image (Fig. 2.3d). Maximum likelihood estimation (MLE)

is used throughout this work for parameter estimation since it achieves accuracies close

to the theoretical limit for SMLM [127, 128, 137].

The aim of MLE is to estimate parameter values which maximise the likelihood of

observing a given set of data (Fig. 2.4b) [73, 138]. For SMLM, the data corresponds to

the observed image of a single molecule (Fig. 2.3d) while the parameters are:

θ = [θx, θy, θI , θσ, θb] ,

which denote estimates for x0, y0, I0, σ, and b, respectively. The MLE procedure is then

repeated for every detected molecule for all frames.

For MLE, the photon detection is modelled as a Poisson process [139, 140], generally

given as [138]:

p(n | µ) =
µn exp (−µ)

n!
. (2.13)

p(n |µ) denotes the probability of observing n photons given an expected photon count,

46



µ. Given:

n = Im(x, y) , (2.14)

µ = PSF(x, y | θ) = I0∆Ex∆Ey + b , (2.15)

where Im(x, y) denotes the intensity for a pixel at x, y, single-molecule localisation can

be formulated as a parameter optimisation problem stated as following:

θ̂ = arg max
θ

L(θ | Im) . (2.16)

With θ̂ denoting the optimal parameters and L(θ |Im) denoting the likelihood of obtain-

ing a set of parameters given the observed data [128, 141]. Using the Poisson distribution

outlined by Eq. 2.13, Eq. 2.14, and Eq. 2.15, the likelihood is written as:

L(θ | Im) =
∏

x,y ∈ Im

PSF(x, y | θ)Im(x,y) exp (−PSF(x, y | θ))

Im(x, y)!
. (2.17)

In practice, however, the log-likelihood is used due to improved numerical stability [73],

resulting in:

ln[L(θ | Im)] = ln

 ∏
x,y ∈ Im

PSF(x, y | θ)Im(x,y) exp (−PSF(x, y | θ))

Im(x, y)!

 . (2.18)

This equation, when ignoring terms that do not explicitly depend on θ, then simplifies

to:

ln[L(θ | Im)] =
∑

x,y ∈ Im

Im(x, y) ln [PSF(x, y | θ)] − PSF(x, y | θ) . (2.19)

Finally, substituting the log-likelihood into Eq. 2.16 leads to:

θ̂ = arg max
θ

∑
x,y ∈ Im

Im(x, y) ln [PSF(x, y | θ)] − PSF(x, y | θ) . (2.20)

In other words, single-molecule localisation involves determining the values of θ (i.e.

the xy-position and photophysical properties of the fluorophore) that maximise the log-

likelihood (see Fig. 2.4 for a visual representation). A variety of optimisation algorithms

may be used to determine the values of θ, such as the Nelder-Mead method, Newton-

Raphson methods, or Levenberg-Marquadt [142–144].
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Fig. 2.4: Visual representation of maximum likelihood estimation in SMLM for a
single variable. Similar to Fig. 2.3, the PSF simulation is unrealistically large and does not
represent real PSFs. a Integrated Gaussian PSF simulation from Fig. 2.3b. b Plot of the
log-likelihood against different values of θx—the estimated x-coordinate of the Gaussian
function centroid. The log-likelihood values have been scaled down by a factor of 107 to
facilitate visualisation. A value of 127.5 pixels maximises the log-likelihood, as expected from
the parameters used to initialise the simulation as given in Fig. 2.3b. The optimal value is
shown with a dashed red line.

Carrying out this optimisation routine for all single-molecules then produces a locali-

sation table containing the subpixel xy-coordinates of all detected fluorophores, as well

as other information including the intensity, background, PSF width, and localisation

precision. This localisation table is the final output from single-molecule localisation

from which a super-resolution image can be reconstructed.

48



2.4 Resolution limit in SMLM

Of critical importance in determining the resolution of SMLM is the precision at which

single-molecules are localised (Introduction: 1.2, Fig. 1.3). In general, the limit to the

precision of estimating a parameter is given by the Cramér-Rao lower bound (CRLB)

[137], a quantity determined by inverting the Fisher information matrix—a measure of

how much information is available in the data with which to estimate the parameters

[140]—followed by taking the diagonal entries of the inverted matrix. More specifically

for the ith parameter [145],

var(θ̂i) ≥ I−1
ii (θ) . (2.21)

var(θ̂i) is the variance of the ith estimated parameter, and Iii(θ) is the ith diagonal

entry of the Fisher information matrix for a parameter vector, θ, of length, n. The full

Fisher information matrix, with elements along row i and column j, is given by [145]:

Iij(θ) = E

[
∂ ln [L(Im(x, y) | θ)]

∂θi
· ∂ ln [L(Im(x, y) | θ)]

∂θj

]
, i, j ∈ {1, 2, . . . n} . (2.22)

E is the expectation value and all other terms are as previously stated. Substituting the

log-likelihood from Eq. 2.19 then leads to:

Iij(θ) =
∑

x,y ∈ Im

1

PSF(x, y,θ)

∂ PSF(x, y,θ)

∂θi

∂ PSF(x, y,θ)

∂θj
, (2.23)

with a derivation given in Appendix: A.1.3. In practice, Eq. 2.23 is used to calculate

the Fisher information matrix.

Intuitively, higher values in the Fisher information matrix correspond to greater steep-

ness in the log-likelihood function which facilitates more precise estimates of θ, resulting

in lower variance in parameter estimation, and greater precision.

Alternatively, several single-molecule localisation software, such as ThunderSTORM,

use a simplified analytical equation derived from least-squares fitting of a Gaussian PSF

to calculate the localisation precision [18, 128, 146]. This has the form:

σxy =

√√√√ θ̂2σ + a2

12

θ̂I
+

8π θ̂4σ θ̂2b

a2θ̂2I

. (2.24)
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θ̂σ, θ̂I , and θ̂b correspond to the best estimates for the standard deviation, fluorophore

intensity, and background intensity, respectively, of the 2D Gaussian PSF. a is the pixel

size, while σxy is the localisation precision. Eq. 2.24 summarises the essential photo-

physical parameters that affect localisation precision in SMLM; higher photon counts

increase localisation precision while higher background decreases localisation precision.

However, localisation precision is not the sole measure of resolution in SMLM. The

labelling density is also critical to resolving a structure at sub-diffraction resolution [21,

147]. For example, if the minimum distance between any two fluorophores is 50 nm, the

resolution will be limited to 50 nm, irrespective of the localisation precision. Apart from

labelling density, other experimental factors influence the resolution, including linkage

error, the choice of PSF model, and the localisation method [48].

To account for these different factors, the Fourier ring correlation (FRC) resolution was

introduced to provide a standardised resolution metric [48]. This methodology shares

the same principles as Fourier shell correlation in cryogenic electron microscopy [148,

149], wherein a dataset is split into two independent halves, an image or 3D structure

is reconstructed for each half, and a Fourier transform (Appendix: A.1.4) is applied to

both images or structures (Fig 2.5). The correlation in Fourier space between the pixels

bounded by a circle of fixed radius is then calculated. This calculation is written as:

FRC(q) =

∑
q f̂1(q)f̂∗

2 (q)√∑
q |f̂1(q)|2

√∑
q |f̂2(q)|2

, q ∈ circle . (2.25)

Here, q denotes the radius of the bounding circle in spatial frequency units; f̂1 and f̂2

denote the Fourier transforms of the two images, and ∗ denotes the complex conjugate.

The resolution is determined by increasing the Fourier space radius, q, and repeating

the correlation calculation (Eq. 2.25) until the correlation falls below a threshold, usu-

ally chosen to be 1/7 (≈ 0.143) (Fig 2.5) [48, 150]. The correlation curve is typically

smoothed to facilitate this process.
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Fig. 2.5: Example Fourier ring correlation measurement on experimental data. An
image reconstructed from SMLM data is split into two independent images. Both images are
Fourier transformed (FT) and the correlation between pixels bounded by a circle of radius q is
calculated. The resolution can then be measured as the spatial frequency at which the
correlation decreases below a threshold or the three-sigma curve. A threshold of 0.143 is used.
The SMLM data are microtubules immunolabelled with antibodies conjugated to Alexa Fluor
647.

51



Alternatively, the resolution may be evaluated as the point where the correlation de-

creases below a sigma-factor curve which is given as [151–153]:

σq =
σfactor√

Nq

2

. (2.26)

σq is the sigma curve at radius q, Nq is the number of pixels bounded by the circle

with radius q, and σfactor is an integer value that is typically = 3. Since 1√
N

describes

an FRC curve of pure noise [152], a curve with a sigma factor of three thus delineates

FRC values as significant when they are at least three times higher than that of noise.

Hence, the resolution is determined from the point at which the FRC falls below the

three-sigma curve.

Taken together, the localisation precision is a useful metric for assessing the performance

of SMLM in relation to measurable photophysical properties of the fluorophores. How-

ever, the FRC resolution provides a more holistic performance metric and will thus be

used for resolution evaluation throughout this work.

2.5 Drift Quantification in SMLM

Drift is generally defined as the displacement of a fluorophore away from the initial

position it held at the beginning of an image acquisition. This displacement can occur in

the lateral direction—i.e. along the xy-plane—or in the axial direction—along the z-axis.

The consequence of lateral drift is to blur an image (Fig. 2.6) while the effect of axial

drift is to defocus the single-molecule fluorescent signal (Fig. 2.6). Drift quantification

is of importance for Chapter 4 which describes the development and evaluation of a

drift-free microscope.
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Fig. 2.6: Effects of sample drift visualised through widefield imaging of 100 nm
fluorescent beads. Axial drift defocuses the fluorescent signal. Here, T0 denotes the first
frame of an image series and TN denotes the final frame of an image series. For the lateral
drift, magenta is used to mark the first frame of an image series while cyan is used to mark the
final frame. Scale bars: 5 µm. Widefield images were acquired using a Zeiss AxioObserver Z1
microscope.

To quantify axial drift, the width of the PSF serves as an approximate measure of z-axis

deviation from the focal plane since deviations from the focal plane increase the PSF

width (Fig. 2.6). Here, the PSF width is taken to be its full width at half-maximum

(FWHM) which can be calculated from the best estimate of the standard deviation of

the 2D Gaussian fit from Eqs. 2.10, 2.11, 2.12 using the following relation:

FWHM = 2θ̂σ
√

ln 2 . (2.27)

Using the first frame as a reference, the axial drift was estimated as ∆FWHMt, where

t ∈ {2, 3, . . . , T}. To assess whether the axial position over time deviates significantly

beyond that expected from measurement error, a 95% confidence interval was calculated

as: [
∆FWHMt=1 − tc

st=1√
nt=1

, ∆FWHMt=1 + tc
st=1√
nt=1

]
. (2.28)

∆FWHMt=1 is the change in the FWHM for the first frame, and so is equal to zero.

tc is the critical value for the t-distribution for a 95% confidence interval, st=1 is the

standard deviation for the FWHMs in frame one, and nt=1 is the number of localisations

in the first frame.

Built-in algorithms from ThunderSTORM and SMAP (single-molecule analysis plat-

form) were used to carry out lateral drift correction via fiducial marker tracking and
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redundant cross-correlation (RCC), respectively [46, 135, 154], as well as to quantify the

lateral drift. The lateral drift correction for fiducial markers is implemented as following

for a time series t ∈ {1, 2, . . . , T}:

x̄t =
N∑
i=1

1

N
(xi,t − θi). (2.29)

x̄t denotes the average drift at frame t, N denotes the number of fiducial markers in

the frame, xi,t is the absolute position of the ith fiducial marker in frame t, and θi

is an unknown relative offset in the fiducial marker position. The θi for all beads—

θ̂ = [θ̂1, θ̂2, . . . θ̂N ]—is estimated through least squares optimisation:

θ̂ = arg min
θ

T∑
t=1

N∑
n=1

((xi,t − θi) − x̄t)
2. (2.30)

An equivalent routine is carried out for the y-coordinate. The values of x̄t and ȳt

calculated with θ̂ can then be used to estimate the lateral drift through the following

procedure,

⟨x̄⟩ =
1

T

T∑
t=1

|x̄t| , (2.31)

⟨ȳ⟩ =
1

T

T∑
t=1

|ȳt| . (2.32)

⟨x̄⟩ and ⟨ȳ⟩ denote the mean absolute drift over the image acquisition period, T . Abso-

lute values are used so that only the magnitude of the drift is quantified.

If fiducial markers are not used, the lateral drift can be estimated using RCC. The

principle of this technique is to split the localisations into a number of subsets (n),

calculate the correlation for all pairs of subsets, and estimate lateral drift from this

correlation. It is formulated as:

Sn(x) = Strue(x − Dn). (2.33)

Here, Sn(x) denotes the nth subset from the localisation table where x is a vector of the

xy-localisations; Strue(x) is the drift-free xy-positions, and Dn is the estimated lateral

drift of the nth subset. The drift estimates are derived from the xy-position of the cross-

correlation peak between two image subsets [46], and therefore can be used to estimate

lateral drift in dSTORM.
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2.6 Colocalisation and cluster analysis

Multi-colour dSTORM enables colocalisation analysis of multiple biological molecules,

giving insights into their organisation and interactions. Here, two-colour dSTORM is

applied to understanding the interaction between SARS-CoV-2 spike protein and ACE-2

receptor in Chapter 8. This section will outline an analysis approach similar to that

described by Malkusch et al. 2012 [155].

Prior to colocalisation analysis, channel registration must be carried out to correct for

chromatic aberrations which cause wavelength-dependent distortions in single-molecule

localisations [156]. A common practice for this is to acquire images of multi-colour

fluorescent beads in two different channels, determine the subpixel xy-localisations, and

calculate an affine transformation matrix between the localisations which compensates

for the chromatic aberrations. The matrix is formulated as:1 0 ∆x

0 1 ∆y

[x y 1

]T
=

x′
y′

 . (2.34)

∆x and ∆y are the xy shifts that must be estimated in channel registration; x and y

are the xy-localisations from one channel, T is the transpose, while x′ and y′ are the

xy-localisations from a second channel. A channel registration error was also calculated

by taking the median of the nearest neighbour Euclidean distances from the registered

bead localisations of one channel to the localisations of the second channel.

Following channel registration, a coordinate-based colocalisation (CBC) value is deter-

mined for each localisation in each channel (Fig. 2.7). The first step in this process is

the calculation of the radial distribution of both molecular species around a localisation.

The distribution of species A from the localisations of species A is given as:

DAi,A(r) =
NAi,A(r)

πr2NAiA(R)
/

1

πR2
. (2.35)

The distribution of species B from the localisations of species A is:

DAi,B(r) =
NAi,B(r)

πr2NAiB(R)
/

1

πR2
. (2.36)

DAi,A(r) is the distribution of species A from the localisations of species A around a
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series of radii r, where r = [r1, r2, .., R] and R is the maximum radius size. DAi,B(r) is

the distribution of species B from the localisations of species A. NAi,A(r) is the number

of molecules of species A around the localisations of species A. NAi,B(r) is the number

of molecules of species B around species A. Effectively, the distribution captures the

number of molecules normalised by area and the maximum molecule count—normalised

by the area of the maximum molecule count. The distribution calculations are then

repeated for species B, i.e. DBiB(r) and DBiA(r).

Fig. 2.7: Illustration of colocalisation analysis. For each localisation, the number of
molecules in each channel within a radius, r, are counted. Depending on whether the
distributions of molecules in each channel are correlated, anti-correlated, or not correlated, a
localisation can be classified as colocalised, randomly distributed, or segregated with respect to
localisations from the second channel. The localisations of one channel are depicted as blue
circles while the localisations of the second channel are depicted as purple circles.

The correlation between the two distributions is calculated through the Spearman rank

correlation coefficient:

ρAi =

∑R
rj=1(ODAiA

(rj) − ŌDAiA
) · (ODAiB

(rj) − ŌDAiB
)√∑R

rj=1(ODAiA
(rj) − ŌDAiA

)2 ·
√∑R

rj=1(ODAiB
(rj) − ŌDAiB

)2
. (2.37)

ρAi is the Spearman rank correlation coefficient for the ith localisation from species

A and O is used to denote the ranks of the radial distributions along r. Again, the

calculation is repeated for species B.

Finally, the CBC value is calculated for a localisation by weighting the Spearman rank

correlation coefficient by the nearest neighbour distance for species B.

CBCAi = ρAi · exp (−sAiB

R
) . (2.38)

sAiB denotes the nearest neighbour distance and other variables are as previously stated.
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With this weighting, CBC values range from -1 to 1, describing perfect anti-correlation

to perfect correlation, respectively (Fig. 2.7).

2.6.1 Cluster analysis

After colocalisation, molecules can be filtered depending on their degree of colocalisa-

tion for further analysis. One such analysis method is cluster analysis [95, 157, 158],

wherein molecules within a certain spatial proximity are grouped, and various clus-

ter descriptors—such as size, area, and circularity—can be calculated to quantify and

interrogate the spatial organisation of molecules.

Prior to cluster analysis, the existence of clusters must be verified. For this purpose,

Ripley’s K-function can be used which gives the expected number of points, N , around

a point within a circle with radius, r [159, 160]. The K-function is expressed as:

K(r) =

∑n
i=1Npi

nA
. (2.39)

n is the number of points, pi is the ith point, and A is the area. For a random distribution

the expected value of K(r) is πr2 while clustering or dispersion will show deviations away

from this. For convenience, the Ripley K-function is often normalised to the L-function,

which has an expected value of r, and the H-function, which has an expected value of 0

[160]. These are given by:

L(r) =

√
K(r)

π
, (2.40)

H(r) = L(r) − r , (2.41)

where L(r) and K(r) denote the L-function and H-function, respectively. With the

normalised H-function, positive values indicate clustering while negative values indicate

dispersion.

Once the presence of clustering has been confirmed, clustering algorithms can be applied

to localisations [161]. Here, hierarchical density-based spatial clustering of applications

with noise (HDBSCAN) is used which classifies clusters based on a minimum number

of points [162]. The number of molecules, radius, area, density, and circularity of each

cluster are then calculated (Fig. 2.8). The radius, r, is taken to be the maximum
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distance of the distances between all points within a cluster and the cluster centre (Fig.

2.8). In other words,

r = max{dic} , i ∈ {1, 2, . . . , N} (2.42)

where,

dic =
√

(xi − xc)2 + (yi − yc)2 , (2.43)

and the cluster centre, (xc, yc), is taken to be the cluster centroid:

(xc, yc) =

(
1

N

N∑
i=1

xi ,
1

N

N∑
i=1

yi

)
. (2.44)

xi and yi denote the x-coordinate and y-coordinate of the ith localisation in a cluster of

N points.

The cluster area and perimeter are estimated by determining the convex hull of the

cluster (Fig. 2.8) which is the smallest area that can be bound by line segments between

points [163]. The circularity is then calculated as [164]:

C =
4πA

P 2
. (2.45)

With A and P being the area and perimeter, respectively. Values closer to 1 indi-

cate higher circularity and values closer to 0 indicate lower circularity. The number of

molecules is determined by counting the number of localisations. Finally, the density is

calculated by dividing the total number of molecules by the area.
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Fig. 2.8: An example cluster and illustration of cluster properties. Once clusters have
been identified, five cluster properties are calculated. Here, the convex hull is depicted with
solid black lines which is used to calculate the area and perimeter. The cluster centroid,
(xc, yc), is shown with a black circle. These parameters are then used to calculate several
cluster properties. The cluster radius is depicted with a dashed line.

Further cluster analysis can be carried out using principal component analysis (PCA)

which is a dimensionality reduction technique that reduces the cluster data into fewer

variables—termed principal components—based on maximising the variance of the origi-

nal variables [165, 166]. Each principal component is a linear combination of the original

variables.

The variance in cluster data with n clusters and k cluster descriptors, [X1, X2, . . . , Xk]

where X denotes a vector, is given by the k × k covariance matrix, Σ, [138]:

Σ =



var(X1) cov(X1, X2) . . . cov(X1, Xk)

cov(X2, X1) var(X2) . . . cov(X2, Xk)

...
...

. . .
...

cov(Xk, X1) . . . . . . var(Xk)


. (2.46)

var and cov denote the variance and covariance, respectively, with the covariance given

by,

cov(X1, X2) =

∑n
i=1(X1i − X̄1)(X2i − X̄2)

n− 1
. (2.47)

The principal components can be found through eigenvalue decomposition of the co-

variance matrix which gives the eigenvectors, v1,v2, . . .vk, and their corresponding
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eigenvectors, λ1, λ2, .., λk.

Σv = λv . (2.48)

The eigenvalues each give a proportion of explainable variance while the elements of the

eigenvector give the coefficients for the linear combination of variables that define the

principal components. For example, the first principal component of the cluster data

can be given as [166]:

PC1 = v1 · N + v2 · r + v3 ·A + v4 ·D + v5 · C , (2.49)

where v1, . . . , v5 denote the elements of the first eigenvector, v1, and N, r, A, D, and

C denote the number of molecules, cluster radius, area, density, and circularity, respec-

tively.

This analysis approach facilitates the visualisation, interpretation, and comparison of

cluster data that originate from different experimental treatments of a biological system.

2.7 Denoising with a spatial redundancy transformer

The denoising algorithm, SRDTrans, developed by Li et al. 2023 is an unsupervised deep

learning method that uses a combination of spatial redundancy sampling and a shifted

windows transformer [81, 167, 168]. A systematic characterisation and evaluation of its

denoising effectiveness for SMLM data is provided in Chapter 7.

The spatial redundancy sampling strategy involves dividing each frame of the input

h×w× t (height×width× time) SMLM image stack into a series of 2x2 pixel patches.

From each patch, a random pixel is selected and extracted, along with the horizontally

adjacent pixel and the vertically adjacent pixel. All the central pixels are collated

to form a substack with dimensions h/2 × w/2 × t while the horizontally adjacent and

vertically adjacent pixels are collated to form a substack each with the same dimensions,

ultimately resulting in three image substacks. It is assumed that the intensities of pixels

corresponding to noise will be independent while intensities corresponding to signal will

be correlated, thus allowing for discrimination between signal and noise without ground

truth data.
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For model training, the central stack is input into the transformer network which uses

the parameters θ for denoising, while the remaining two substacks are used as training

pairs to determine the optimal values of θ. This training procedure resembles that of

Eq. 2.16 and Eq. 2.20, except that the goal is to determine the values of θ that minimise

the loss function, L(θ) [73], rather than maximise the log-likelihood:

θ̂ = arg min
θ

L(θ) . (2.50)

θ̂ are the optimal parameters for denoising which are determined following model train-

ing. For SRDTrans, the loss function is a linear combination of mean squared error (L2)

and mean absolute error (L1) for both the vertically adjacent and horizontally adjacent

substacks, Sver and Shoriz, respectively. More precisely [169],

L1,ver(θ) =

N∑
i=1

|(f[Si,θ] − Sver)| , (2.51)

L2,ver(θ) =
N∑
i=1

(f[Si,θ] − Sver)
2 , (2.52)

Lver =
1

2
L1 +

1

2
L2 , (2.53)

Ltotal =
1

2
Lver +

1

2
Lhoriz . (2.54)

f[Si,θ] is a shorthand for the output of the transformer network and Si is the ith batch for

the central substack. N is the batch size—a proportion of the total number of training

pairs. The loss function for the horizontally adjacent substack, Lhoriz is identical to

Eqs. 2.51, 2.52, and 2.53, except with Shoriz. Once the optimal parameters, θ̂, have

been obtained, they can be used for model inference, i.e. denoising other SMLM image

stacks.

To address some of the shortcomings of SRDTrans for denoising persistent emission,

two new loss functions were introduced to penalise the denoising model for temporal

smoothness and low variance for the brightest pixels, both of which are indicative of

abnormal photoswitching for dSTORM. The temporal smoothness loss function is first

calculated by taking the pixel-wise absolute difference for each frame, t ∈ {1, 2, 3, . . . , T},

to its preceding frame,

∆Im(x, y)i,t+1 = |Im(x, y)i,t+1 − Im(x, y)i,t| , (2.55)
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followed by taking the negative mean for all images in the substack and for all batches,

L3 = − 1

NT

N∑
i=1

T∑
t=1

∆Im(x, y)i,t . (2.56)

Im(x, y)i,t+1 denotes an image at frame t + 1 from the ith batch and the loss function

is denoted by L3.

Meanwhile, the loss function that penalises low variance in bright regions, L4, first

involves calculating the pixel-wise mean intensity, Ī, and variance, var(I), over the time

dimension of the image substack composed of the central pixels,

Īi =
1

T

T∑
t=1

Im(x, y)i,t , (2.57)

var(Ii) =
1

T

T∑
t=1

[Im(x, y)i,t − Ī]2 . (2.58)

Given a threshold IT , the mask is given as:

M(x, y)i =


1, if Īi > ITi

0, otherwise .

(2.59)

The mask is applied to the temporal variance, retaining values where the mean intensity

was above the threshold. The loss, L4, is taken to be the negative mean of the retained

variance values,

L4 = − 1

N

N∑
i=1

[M(x, y)i · var(Ii)] . (2.60)

Finally, the total loss is given as,

Ltotal =
1

2
Lver +

1

2
Lhoriz + 0.3 · L3 + 0.2 · L4 . (2.61)

The results from SRDTrans were evaluated by comparing the FRC resolutions (Eq.

2.25) with and without denoising.
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3 Methods

3.1 Optical setup of ROCS-SMLM

A four-colour, 50 mW laser engine with 405 nm, 488 nm, 561 nm, and 640 nm laser

lines (Toptica, iCHROME-CLE50) was used as the illumination source. The laser light

was emitted via a polarisation-maintaining single-mode fibre and collimated using an

achromatic objective lens (Leica, 20X, 0.25 NA). An achromatic doublet lens (f = 60

mm) was then used to focus the collimated laser light into a multi-mode fibre (Thorlabs,

M72L01), transforming the laser from a Gaussian beam profile to a top-hat beam profile.

Due to challenges in aligning the fibre, it could not be angled to achieve a true top-hat

beam, resulting in an illumination profile in between that of a tophat and a Gaussian

(Appendix: Fig. A.1b, d). To achieve a true top-hat profile, fine instrumental control of

the positioning of the multimode fiber would be required. However, in practice, rough

alignment resulted in a useable illumination profile with sufficient power density for

STORM.

The laser light emanating from the multi-mode fibre was collimated by a second achro-

matic objective lens (Olympus, 20X, 0.4 NA) and expanded by a pair of achromatic

doublet lenses (f = 30 mm, f = 50 mm). Following this, the laser light was reflected by a

quad-edge dichroic mirror (Semrock, Di01-R405/488/561/635-25x36) to a high-NA, oil-

immersion (Thorlabs, MOIL-30, n = 1.518, Olympus Type F) objective lens (Olympus,

60XOTIRF, 60X, 1.42 NA). The collimated light was focused by an achromatic doublet

lens (f = 250 mm) onto the back focal plane of the objective lens to produce Köhler

illumination on the sample plane. Samples were mounted on a custom-designed sam-

ple stage with a 10 µm translation range along the x-axis and y-axis. z-axis control of

the objective lens was achieved using a piezoelectric electric stage (Physik Instrumente,

E709) mounted underneath the objective lens. Micromanager 2.0 was used to adjust

the axial position of the piezoelectric stage during image acquisition [170].
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Fig. 3.1: Schematics and pictures of the ROCS optical setup. All optomechanical
components are unique to the ROCS design except the cage plate adapter base. a Optical
layout of the ROCS microscope. b Computer-aided design (CAD) rendering of the microscope.
c CAD rendering of the components that make up the sample stage. d Side view of the ROCS
microscope on an optical table. e Top view of the ROCS microscope.

In the imaging path, the fluorescence emission was collected by the 1.42 NA objective

lens, passed through an emission filter (Chroma, ET525/50m or ET690/50m), and fo-
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cused by an achromatic doublet lens (f = 200 mm) onto an sCMOS camera (Teledyne

Photometrics, 01-Prime-BSI-R-M-16-C). The camera has a chip size of 2048 pixels x

2048 pixels, with a pixel size of 6.5 µm x 6.5 µm. The images projected onto the camera

have a pixel resolution of 97.5 nm, resulting in a 200 µm x 200 µm field-of-view. The

field of illumination following beam shaping was 38 µm x 38 µm. Micromanager 2.0 was

used for camera control and image acquisition.

3.2 Microscope construction and characterisation

The ROCS-SMLM microscope was constructed on an optical table with active vibration

isolation and in a temperature- and humidity-controlled laboratory. It was built as a 30

mm optical cage system with an inverted epifluorescence design using optomechanical

components from RayCage Photoelectric Technology (unless noted otherwise) with two

ancillary components from Thorlabs. These components included a cage plate adapter

base (Thorlabs, LCP4S) and three 30 mm cage xy translators (Thorlabs, CXY1A) that

were used to mount the single-mode fibre and multi-mode fibre. The ROCS microscope

was built as part of a previous project carried out by Hao Qiu (Octopus, Central Laser

Facility) and Professor Lin Wang (Octopus, Central Laser Facility). Construction was

followed by optical alignment to ensure all optomechanical components were centred on

the optical axis and the lenses were arranged as 4f systems.

3.2.1 Measuring microscope specifications

Following construction, the pixel resolution of projected images, the size of the field

of illumination, the power density at the focal plane, and the size of the point spread

function (PSF) were measured to ensure accuracy in downstream image analyses. The

pixel resolution was measured through brightfield illumination of a patterned microscope

slide (Psyer Optics, S8) containing a series of graticules with a length of 1 mm in 10 µm

divisions (Fig. A.1a). From an image of the graticules, the number of pixels between

two adjacent graticules was measured in ImageJ (version 1.54f) [134]. Dividing 10 µm

by the number of pixels yielded a pixel resolution of 97.5 nm/pixel.

The size of the field of illumination (FOI) was measured by acquiring an image of

the laser spot illuminating a coloured fluorescent slide (Thorlabs, FSK5) using a low
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power density (20 W / cm2) and a camera exposure time of 3 ms. The diameter of the

illumination spot, and thus the field of illumination, was measured in ImageJ by plotting

a line profile across the centre of the spot, fitting a one-dimensional Gaussian function,

and calculating the full width at half-maximum (FWHM). While the beam profile was

expected to be a top-hat, in practice it was a widened Gaussian profile, thereby allowing

the FOI to be measured from its FWHM.

With the FOI known, the power was calibrated by setting the laser power at 0 mW

and increasing the power to its maximum in 5 mW increments. The output laser power

at the objective lens was measured at the back focal plane using a power meter and

power sensor (Thorlabs, PM100D and S121C). Finally, the power density was obtained

by dividing the measured laser powers by the FOI.

The size of the point spread function was measured by imaging 100 nm-diameter TetraspeckTM

beads (Invitrogen, T7279), which were used as a point source approximation, with a

power density of 0.008 kW/cm2. From a widefield image of fluorescent beads, a two-

dimensional Gaussian function was fit to the emission profile of each fluorescent bead

using ThunderSTORM version 1.3 [135]. The standard deviations of the fitted Gaussian

functions were then averaged and used to calculate the FWHM of the PSF (Theory: Eq.

2.27).

3.3 Molecular Biology and Biochemical Methods

Molecular biology methods were employed to generate fusion proteins tagged with SNAP

or fluorescent proteins, and to generate plasmids for protein expression and purification.

All plasmids contained the ampR gene, which regulates ampicillin resistance, as a se-

lection marker, and lacZα for blue-white screening. The pOPINE plasmid was used

for mammalian cell transfection and the pOPINVHH plasmid with a polyhistidine tag

was used for protein purification [171, 172]. The DNA sequences of different proteins

of interest are given in Appendix: A.5 and Appendix: A.7. Biochemical methods were

used to purify nanobodies for downstream fluorescent labelling.
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3.3.1 Polymerase chain reaction

Polymerase chain reactions were carried out in 50 µL reaction volumes containing: 1 µL

of 100 ng/µL template DNA, 1 µL each of 100 µM forward and reverse primer, 25 µL

of Phusion Flash High-Fidelity PCR Master Mix (Invitrogen, F548S), and nuclease-free

water. The thermocycling conditions were as following: denaturation at 98◦C for 10 s,

primer annealing at 98◦C for 10 s, elongation at 55◦C for, and final elongation at 72◦C

for 20 s. The size of PCR products was verified by adding 10 µL of TriTrack loading

dye (Thermo Scientific, R1161) and carrying out agarose gel electrophoresis at 90 V for

40 minutes with 1% (w/v) agarose. SYBRTM Safe (Invitrogen, S33102) was used for

DNA visualisation and the HyperLadderTM 1 kb molecular weight marker (Meridian

Bioscience, BIO-33053) was used to estimate the size of the PCR product. The PCR

products were purified using a nucleoSpin® gel and PCR clean-up kit (Bioanalysis,

740609.50). Mutagenesis of single amino acids in nanobodies was carried out using

primers encoding the mutation.

3.3.2 Expression vector construction

Restriction cloning was carried out to transfer either a gene of interest or genetically

encoded tag from one plasmid to another. A 100 µL reaction mixture containing 1X

rCutSmartTM buffer (New England Biolabs, B6004S), 2.5 µL of each restriction enzyme,

1 µg of DNA, and nuclease-free water was used for DNA digestion. The restriction en-

zymes NcoI (New England Biolabs, R0193S) and PmeI (New England Biolabs, R0560S)

were used to excise the gene of interest while PmeI and Bsu36I (New England Biolabs,

R0524S) were used to excise genetic tags. Restriction digests were carried out at 37◦C

for 1 h and the size of reaction products were verified with agarose gel electrophoresis

as previously described.

Ligation-independent cloning was carried out between a digested plasmid and a PCR

product to produce a new plasmid construct. A 10 µL reaction mixture containing 1X

CE II buffer (Vazyme, C112-01), 2 µL of digested plasmid DNA, 2 µL of PCR product,

1 µL of Exnase II (Vazyme, C112-01), and nuclease-free water. Reactions were carried

out at 42◦C for 30 minutes. 10 µL Tris-EDTA buffer was added after the reaction ended
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to prevent further reaction.

3.3.3 Transformation and plasmid extraction

To introduce recombinant plasmid DNA into bacteria, DNA transformation was carried

out using Escherichia coli StellarTM Competent Cells (Takara Bio, 636763). 2 µL of

plasmid DNA were added to 20 µL of cells on ice. The cell-DNA mixture was then

incubated on ice for 30 minutes. The E. coli cells were heatshocked at 42 ◦C for 30 s

and incubated on ice for 2 minutes. 200 µL of SOC medium (Invitrogen, 15544034) was

then added and the cells were incubated at 37◦C and 200 rpm for 1 h. Following incu-

bation, 100 µL of cells were added to 1% (w/v) LB agar plates containing 100 µg/mL

of ampicillin, 2 mM isopropyl β-d-1-thiogalactopyranoside (IPTG), and 40 µg/mL 5-

bromo-4-chloro-3-indolyl-β-d-galactopyranoside (X-gal). The cells were then streaked

and incubated overnight at 37◦C for blue/white screening. White colonies—those con-

taining the gene of interest—were selected, transferred into 4 mL or 50 mL of terrific

broth (TB) containing 100 µg/mL of ampicillin, and incubated overnight at 37◦C and

200 rpm. Following overnight incubation, plasmid DNA was extracted from E. coli us-

ing either the Miniprep kit (Qiagen, 12123) or Midiprep kit (Qiagen, 12143) for higher

yields.

3.3.4 Protein expression

Recombinant E. coli were incubated overnight in 10 mL TB broth supplemented with

0.1% glucose, 1 mM MgCl2, and 100 µg/mL ampicillin at 37◦C and 225 rpm. The

E. coli liquid culture was then upscaled to 1 L of TB broth culture with the same

supplementation. Protein expression was induced with 1 mM IPTG at an OD600 of 0.8

followed by overnight incubation at 28◦C, 225 rpm.

3.3.5 Protein purification

Nanobodies were purified from cells grown in TB broth using osmotic shock. Cultures

were centrifuged at 5000 rpm, 4◦C for 30 minutes to pellet cells which were then re-

suspended in TES buffer (0.2 M Tris, 0.5 mM EDTA, 500 mM sucrose, pH 8) and 50

mg of DNAase I overnight. The following day, two volumes of TES/4 (0.05 M Tris, 125
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mM sucrose, pH 8) without EDTA were added and the suspension centrifuged at 12000

rpm, 4◦C for 45 minutes. The supernatant was filtered with a 0.8 µm filter and di-

luted with 4 volumes of PBS. Nanobodies were purified from the supernatant via nickel

affinity chromatography and gel filtration using an ÄKTA pureTM. The wash buffer for

affinity chromatography was: 50 mM Tris, 500 mM NaCl, 30 mM imidazole, pH 7.5,

while the elution buffer was the same composition but with 500 mM imidazole. The

buffer for gel filtration was: 20 mM Tris, 200 mM NaCl, pH 7.5. The proteins were

then concentrated with a 5 kDa molecular weight cutoff filter (Sartorius, Vivaspin® 20)

at 4000 g for 30 minutes. The size of the product was verified using SDS-PAGE with

a NuPAGETM 4–12% bis-tris gel (Thermo Scientific) and a PAGERulerTM Plus ladder

(Thermo Scientific, 26634).

3.3.6 Fluorescent labelling of nanobodies at cysteine residues

Nanobodies were first incubated for 10 minutes on ice with 15 mM TCEP. 10 uL of

1 mM AF647-maleimide (Invitrogen, A20347) was then added and the nanobody-dye

mixture was incubated at 4◦C for two hours. Nanobody-dye conjugates were purified

using PierceTM dye removal columns (Thermo Scientific, 22858).

3.4 Sample preparation and fluorescent labelling

To quantify and compare the effects of different resolution-enhancing methods, a vari-

ety of proteins in different cells were fluorescently labelled. Typically, U2OS (ATCC,

HTB-96) or HeLa (ATCC, CCL-2) cells were fixed and permeabilised prior to labelling.

However, streptolysin-O was used to label live cells in culture. The Calu-3 cell line

(ATCC, HTB-55) was also used to investigate the internalisation of SARS-CoV-2 spike

protein. The labelling procedures for these samples is described in this section. All com-

mon chemical reagents were purchased from Sigma-Aldrich unless otherwise specified.

3.4.1 Fluorescent beads

200 µL of 0.01 % (w/v) poly-l-lysine was dispensed onto a 22 mm x 22 mm, #1.5 glass

coverslip (VWR, 631-0124) and incubated for 1 hour at ambient temperature. 100 nm

TetraspeckTM beads were diluted in Milli-Q® water at a 1:100 ratio. The poly-l-lysine
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was then removed and dried before the addition of the diluted bead solution. The beads

were left to attach to the glass for 30 minutes at ambient temperature. Following this,

the dilute bead solution was removed, and the coverslip was mounted onto a 25 mm x

76 mm coverslide (Scientific Laboratory Supplies, MIC3028).

3.4.2 Cell culture

The cell lines used in this project were: HeLa cells, U2OS cells stably expressing Nup96-

SNAP, U2OS cells stably expressing Nup96-GFP, and Calu-3 cells. All cell lines were

maintained at 37◦C and 5% CO2. HeLa cells and Calu-3 cells were maintained in

high-glucose Dulbecco’s Modified Eagle Medium (Gibco, 21063029) while U2OS cells

were maintained in McCoy’s 5A (modified) medium (Gibco, 16600082). All media was

supplemented with 10% foetal bovine serum (Gibco, 16000044), 50 units/mL of penicillin

(Gibco, 15070063), and 50 µg/mL of streptomycin (Gibco, 15070063). McCoy’s 5A

(modified) medium was further supplemented with minimum essential media with non-

essential amino acids (Gibco, 11140050). Cells were passaged every 2–4 days using 1X

Trypsin (Gibco, 11140050) to detach cells followed by splitting them at a ratio of 1:5

or 1:6. Prior to cell fixation or transfection, cells were plated onto coverslips sterilised

with 70% (v/v) ethanol, 4-well glass bottom slides (Ibidi, 80427), or 8-well glass bottom

slides (Ibidi, 80807) at a ratio of 1:4–1:6 and grown for 24–48 h.

3.4.3 Cell transfection

24 h after cell plating, cells were transfected using Fugene® HD Transfection Reagent.

Plasmid DNA and transfection reagent were added to Opti-MEM (Gibco, 15392402) at

a ratio of 1 µg of DNA to 2 µL of transfection reagent to a final volume of 100 µL per

well and incubated at ambient temperature for 10 minutes. Half of the media was then

removed from a well and 100 µL of the DNA-Fugene mixture was added. Cells were

then incubated for 24–48 h before imaging or fixation.

3.4.4 Fluorescent labelling of Tubulin

Following incubation for 24 h, α-tubulin in HeLa cells was labelled according to ref. [173].

In summary, cells were first incubated for 30 s at 37◦C with extraction buffer (0.25% [v/v]
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Triton-X100 and 0.1% [v/v] glutaraldehyde) dissolved in PEM buffer (80 mM PIPES, 5

mM EGTA, 2 mM MgCl2, pH 6.8) to remove cytosolic proteins. The extraction buffer

was removed and cells were fixed with fixation buffer (0.25% Triton-X100 and 0.5%

glutaraldehyde dissolved in PEM buffer) at 37◦C for 10 minutes. The fixation solution

was then removed and 0.1% NaBH4 (w/v, dissolved in PBS) was added and incubated

at ambient temperature for 7 minutes. NaBH4 was then removed, and the cells were

washed twice with PBS. Cells were subsequently blocked at ambient temperature for 2

h with blocking buffer which consisted of 0.22% (w/v) gelatin and 0.1% Triton-X100

dissolved in PBS. Following blocking, primary antibody solution (monoclonal anti-α-

tubulin [Sigma-Aldrich, T5168] dissolved in blocking buffer) at a concentration of 1:200

was added and incubated overnight at 4◦C. Afterwards, cells were washed three times

with blocking buffer for 10 minutes each. Secondary antibody solution (donkey anti-

mouse IgG (H+L) conjugated to Alexa Fluor 647 [Invitrogen, A32787] dissolved in

blocking buffer) was added at a final concentration of 5 µg/mL. The secondary antibody

was incubated for 1 h at ambient temperature after which cells were washed once with

blocking buffer and twice with PBS. Cell samples were imaged immediately or stored at

4◦C in 0.1% (w/v) sodium azide.

3.4.5 Nup96-SNAP labelling

All solutions were dissolved in PBS unless otherwise specified and all steps were per-

formed at ambient temperature. U2OS cells stably expressing Nup96-SNAP were pre-

fixed in 2.4% (v/v) paraformaldehyde (PFA) for 30 s before permeabilisation with 0.4%

(v/v) Triton-X100 for 3 minutes. The cells were then washed with PBS and fixed for

30 minutes using 2.4% PFA. The PFA was subsequently quenched with 50 mM NH4Cl

for 5 minutes and washed twice with PBS. 500 µL of Image-iTTM FX Signal Enhancer

(Invitrogen, I36933) was then added and incubated for 30 minutes. Following this, cells

were labelled with 1 µM SNAP-Surface® Alexa Fluor® 647 (New England Biolabs,

S9136S, dissolved in 1 mM dithiothreitol [DTT] and 0.5% [w/v] bovine serum albumin

[BSA]) for 2 h. Cells were then washed three times with PBS before imaging or storage

in 0.1% (w/v) sodium azide at 4◦C.
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3.4.6 Nup96-GFP labelling

All solutions were dissolved in transport buffer (20 mM HEPES, 110 mM potassium

acetate, 1 mM EGTA, 250 mM sucrose, pH 7.5) unless otherwise specified. U2OS cells

stably expressing Nup96-GFP were pre-fixed in 2.4% (v/v) PFA for 30 s. The cells were

then washed twice with transport buffer and the plasma membrane was permeabilised

by adding 25 µg/mL digitonin to the cells on ice. Following permeabilisation, the cells

were washed twice with 1% (w/v) BSA and incubated for 30 minutes on ice with the

anti-GFP nanobody (dissolved in 1% BSA solution) at a concentration of 2 µM. After

labelling, excess nanobodies were removed by washing twice for 5 minutes each with 1%

BSA. The cells were fixed again in 3% PFA for 10 minutes and the nuclear membrane

was subsequently permeabilised by adding 0.4% (v/v) Triton-X100 (dissolved in PBS).

The cells were then washed twice with PBS and incubated on ice for 30 minutes with

the anti-GFP nanobodies at a concentration of 1 µM. Excess nanobodies were washed

by rinsing the cells twice with PBS for 15 minutes each. The labelled cells were stored

in 0.1% (w/v) sodium azide at 4◦C before imaging.

3.4.7 Streptolysin-O labelling

Streptolysin-O (SLO) is pore-forming protein secreted by Streptococcus pyogenes that

facilitates pathogenesis [174]. Here, SLO was used as a method to deliver fluorescent

tags into live cells. Labelling was carried out on cells with at least 75% confluency. 0.3

µL of 10 mM tris(2-carboxyethyl)phosphine (TCEP) was added to SLO for 20 minutes

at 37◦C for activation. The activated SLO and fluorescent nanobody were diluted with

PBS for a total volume of 120 µL for 8-well slides and 300 µL for 4-well slides. The final

concentrations of nanobody were 4–5 µM and the final concentrations of SLO ranged

from 50–100 units in 120 µL. The mixture of SLO and fluorescent nanobody was added

to cells for 8 minutes at 37◦C. The mixture was then removed, and cells were washed

once with PBS supplemented with 3 mM MgCl2. DMEM supplemented with recovery

buffer (1% FBS, 2 mM ATP, 2 mM GTP, and 2 mg/mL glucose) was added to cells for

30 minutes at 37◦C. Following this, cells were imaged immediately or were fixed with

4% PFA for 10 minutes prior to imaging.
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3.4.8 Vimentin labelling

HeLa cells or U2OS were fixed with 4% PFA for 10 minutes and permeabilised with

0.1% Triton-X100 for 3 minutes. The cells were then washed with PBS and blocked

with 5% BSA for 2 h. Vimentin was then labelled overnight with the anti-vimentin

nanobodies, VB3 or VB6 (dissolved in blocking buffer), conjugated to Alexa Fluor 647.

The nanobody concentrations for purified nanobody was of 2–5 mg/ml and the nanobody

was diluted at a 1:100 or 1:200 ratio for labelling. Following labelling, excess nanobodies

were removed by washing once with PBS-T (0.1% [v/v] Tween 20) and twice with PBS.

3.4.9 ACE-2-SNAP labelling

24 h after transfection with the pOPINE-ACE-2-SNAP plasmid, Calu-3 cells were fixed

with 4% PFA for 10 minutes and permeabilised with 0.05% Triton-X100 for 3 minutes.

The cells were then washed with PBS and blocked with Image-iTTM FX Signal Enhancer

for 30 minutes before labelling for 2 h with 1 µM SNAP-Surface® ATTO 488 (New

England Biolabs, S9136S, dissolved in 1 mM DTT and 0.5% BSA) for single-colour

imaging. Finally, cells were washed thrice with PBS prior to imaging.

For two-colour imaging with AF647-labelled SARS-CoV-2 spike protein, 5 µL of purified

spike protein, with a concentration of 2 mg/mL, was added to cell media and incubated

for either 5, 15, or 30 minutes before fixation, permeabilisation, and SNAP labelling.

3.4.10 STORM buffer

STORM buffer was prepared from stock solutions of 1 M mercaptoethylamine (MEA)

(Sigma-Aldrich, M6500), 10 mg/mL catalase (Sigma-Aldrich, C1345), 35 mg/mL glucose

oxidase (Sigma-Aldrich, G7141), and 10% (w/v) glucose solution. All stock solutions

were dissolved with a base buffer of 50 mM Tris-HCl and 10 mM NaCl at pH 7.5. The

final concentration of MEA in the STORM buffer ranged from 35–100 mM while the

final concentrations of catalase and glucose oxidase were 0.04 mg/mL and 0.5 mg/mL,

respectively.
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3.5 Conventional fluorescence microscopy

3.5.1 ROCS microscope: imaging fluorescent beads

A bead-coated coverslip was mounted on a coverslide such that the beads were sand-

wiched between the coverslip and coverslide. Duplicating silicone glue (Picodent, Twin-

sil 20) was spread around the edges of the coverslip to seal the sample. Fluorescent

beads were illuminated with a 488 nm laser for excitation using a power density of 0.01

kW/cm2. The fluorescence emission was filtered by a Chroma ET 525/50m bandpass

filter before detection by the sCMOS camera. Images of beads were recorded with an

exposure time of 100 ms.

For assessing drift, an image series of 240 frames, with images recorded every 30 s,

was acquired. For this image series, image acquisition was synchronised with laser

illumination such that the laser was only turned on during image acquisition, i.e. every

30 s, thereby minimising drift from thermal expansion introduced by laser heating and

allowing mechanical drift to be assessed in isolation. The built-in autofocus function

in Micromanager [175] and the piezoelectric stage were used for real-time correction of

axial drift with the exception of when axial drift was quantified.

3.5.2 ZEISS AxioObserver Z1: imaging fluorescent beads

Fluorescence microscopy of 100 nm fluorescent beads was carried out with a high-NA,

oil-immersion objective (ZEISS, α Plan-Apochromat, DIC M27, 100X, 1.46 NA) with

an excitation wavelength of 488 nm and a power density of 0.01 kW/cm2. The fluo-

rescence emission passed through an MBS-488 dichroic mirror and a BP495-550/LP750

emission filter before detection by the EMCCD camera (Andor, iXon DU 897). Images

were recorded with an exposure time of 100 ms and an EM gain of 300. As with the

ROCS microscope, lateral drift was quantified from an image series where an image was

recorded every 30 s for 2 h, resulting in an image series of 240 frames. Axial drift was

corrected in real-time using the built-in definite focus functionality of the microscope

with the exception of during axial drift quantification.
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3.6 STORM image acquisition

3.6.1 ROCS microscope

Following preparation of STORM buffer, the buffer was dispensed into the cavity of a

concave coverslide (Thorlabs, MS15C1) and a coverslip with fixed cells on its surface

was mounted. The edges were sealed with duplicating silicone glue. The sample was

then excited with the appropriate wavelength for the dye (488 nm for ATTO 488, 640

nm for Alexa Fluor 647) and a widefield image was acquired with a camera exposure

time of 100 ms and a power density of 3 W/cm2. A region of interest was then selected

and cropped from the field of view. To transfer most fluorophores to a dark state and

to establish a stable blinking state, the power was increased to roughly 4 kW/cm2 and

the exposure time was decreased to 20–30 ms. For image acquisition, the power was

lowered to 1.6–2.4 kW/cm2 and 30000–60000 frames were collected. The fluorescence

emission was filtered by an appropriate bandpass filter (Chroma ET525/50m for green-

fluorescing dyes, Chroma ET 690/50m for far-red-fluorescing dyes) before being detected

by the sCMOS camera. For samples with low blinking density, illumination with the

405 nm laser was also used at a power density of 3 W/cm2

3.6.2 Two-colour STORM

Prior to two-colour STORM, widefield images of 100 nm TetraspeckTM beads were

recorded in the appropriate channels with the same power and exposure time as for the

widefield image in STORM. Two-colour STORM was then performed sequentially, with

a change in emission filter following image acquisition in the first channel. The Chroma

ET525/50m bandpass filter was used for green-fluorescing dyes while the Chroma ET

690/50m bandpass filter was used for far-red-fluorescing dyes. 20000 frames were recorded

for each channel with the power densities and exposure times as described above.

3.6.3 Zeiss Elyra PS.1 microscope

Samples were mounted with the same method as the ROCS microscope prior to imaging

and illuminated with the appropriate excitation wavelength. Imaging was carried out
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with a high-NA oil-immersion objective lens (ZEISS, α Plan-Apochromat, DIC M27,

100X, 1.46 NA) along with an MBP 405/488/642 dichroic mirror (ZEISS, 1784-996),

a BP420-480/BP495-550/LP650 multi-bandpass emission filter (Carl Zeiss 1769-207) in

the imaging path, and an EMCCD camera (Andor, iXon DU897) for detection. Wide-

field images of the samples were collected with an exposure time of 200 ms, power density

of 0.1 kW/cm2, and EM gain of 50. The power density was increased to 14 kW/cm2

to achieve a stable blinking state while the exposure time was decreased to 30 ms and

the EM gain was lowered to 50. The power density was then decreased to 3.8 kW/cm2

for image acquisition and the EM gain was increased to 250. The built-in definite focus

functionality was used to correct axial drift in real-time during image acquisition.

3.7 Image processing and post-processing

3.7.1 Single-molecule localisation

The image sequences from SMLM and bead imaging were saved as 16-bit TIFF stack

files. In the ROCS microscope, the following camera settings were used: offset = 100,

pixel resolution = 97.5 nm, and 0.59 e- per analogue-digital unit. In the ZEISS Elyra

microscope and ZEISS AxioObserver, the offset = 100, pixel resolution = 100 nm, 15.3

e- per analogue-digital unit, and gain = 250.

Sub-pixel localisation of fluorophores was carried out using ThunderSTORM in ImageJ.

The images were filtered with a B-spline wavelet filter [176] with a third-order basis

function and scaling factor of 2. The fluorophores were then located by detecting local

intensity maxima with a threshold of 1.5σ—where σ is the standard deviation of in-

tensity from the first wavelet level. Following this, the lateral positions of fluorophores

were estimated by fitting a 2D integrated Gaussian PSF model via maximum likelihood

estimation [128] (Theory: 2.3). A standard deviation of 1.62 pixels and a fitting radius

of 5 pixels was used to define the approximate location of a fluorophore prior to Gaussian

fitting. Parameter optimisation via maximum likelihood estimation (Theory: 2.3, Eq.

2.20) was carried out using the Nelder-Mead method [142]. The localisation precision

was calculated as described by Theory: Eq. 2.24. The Normalized Gaussian setting was

used for visualisation with a pixel size of 9.75 nm/pixel.
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3.7.2 Postprocessing: filtering and drift correction

After sub-pixel localisation of fluorophores, abnormal data were first filtered by removing

localisations with a localisation precision above 200 nm. The Remove Duplicates settings

in ThunderSTORM was also used which groups fluorophores if their mutual distance is

less than a specified threshold. Here, a threshold of 2*localisation precision was used.

Sample drift from STORM image sequences was corrected following filtering and re-

moval of duplicates. The redundant cross-correlation [46] feature packaged in the Super-

resolution Microscopy Analysis Platform (SMAP) [154] was used. Between 12–25 bins

were typically used for drift correction.

3.7.3 Resolution quantification

The resolution from super-resolution images was quantified using the Fourier ring cor-

relation method with FIRE—an ImageJ plugin provided by Nieuwenhuizen et al. 2013

[48], or with a custom routine [177] written in Python 3.13 based on the equations in

Theory: 2.4. A custom routine was developed due to its greater ease in batch com-

parisons, customising input parameters, and so that analysis and visualisation could be

carried out using the same software. For FRC calculations, the localisation data were

split into two datasets either at the midpoint or by splitting via odd and even frames.

A threshold of 1/7 was used. The pixel size for all FRC calculations was 10 nm/pixel.

FRC curves were plotted using custom code in Python 3.13.

3.7.4 Drift quantification

The axial drift from the image sequence of beads was quantified from the estimated

point spread function width, given as σ in the localisation table. For each frame, the

average FWHM was calculated. The value of the average FWHM of the first frame was

then used as a reference and the changes in FWHM with respect to this reference were

calculated, resulting in a measure of axial drift over time.

The lateral drift from the image sequence of beads was quantified using a bead tracking

algorithm in ThunderSTORM. This algorithm first automatically identifies the beads
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from localisations that continuously fluoresce for a substantial amount of time. The

drift trajectory for one image frame is then calculated by averaging the positions of all

beads. This process is repeated for the entire image series, yielding the drift trajectory

and bead positions as the output. The mean drift for an image series was quantified by

averaging the drift trajectory over time. The positions of beads were plotted as scatter

points while the drift trajectory was plotted as a curve.

For STORM image sequences, the lateral drift was quantified using the differences in

xy-positions obtained from RCC. The mean drift for an image sequence was quantified

by averaging the absolute values of the bins. Drift calculations and plotting were carried

out using Python 3.13.

3.8 Single-molecule analysis

3.8.1 Quantification of photophysical parameters

Photoswitching kinetics were characterised from an SMLM image sequence as outlined

by Bittel et al. 2016 [178]. In summary, single-molecules from the first 10000 frames of

an image sequence were identified by filtering images with a difference of Gaussians filter

using standard deviations of 2 pixels and 6 pixels, followed by local maxima identification

with a threshold of 6 times the root mean square (RMS) intensity—both of which were

standard procedures used by single-molecule localisation algorithms. An 8-pixel x 8-

pixel region of interest containing the single-molecule was then extracted along the

image series, resulting in an image substack for each molecule with dimensions of 8

pixels x 8 pixels x t, where t denotes the acquisition length for an image sequence. From

this substack, the photons per switching cycle, number of switching cycles, total photon

count, photoswitching time, and on/off duty cycle were calculated.

The number of switching cycles was calculated by counting the number of frames where

the signal was above 6 times the RMS. Switching cycles were determined by identify-

ing consecutive frames where the signal was above 3 times the RMS. The photons per

switching cycle were calculated by summing the signal over each switching cycle. Total

photon count was calculated by multiplying the number of photon cycles with the pho-
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tons per switching cycles. The photoswitching time was determined by determining the

time difference between the first switching cycle and the final switching cycle. Finally,

the duty cycle was calculated by dividing the number of on frames with the number

of off frames. All photophysical calculations were carried out using an analysis routine

written in Python 3.13 [179].

3.8.2 Multi-colour analysis

After postprocessing, colocalisation analysis of two-colour STORM data was carried

out using the algorithms described in Malkusch et al. 2012 [155]. In brief, channel

registration was performed using widefield image of 100 nm diameter fluorescent beads

that have been acquired with excitation wavelengths of 488 nm and 640 nm. The

registration error was taken to be the median nearest neighbour distance from one

channel to another following registration. A coordinate-based colocalisation (CBC)

value was then calculated for all localisations in both channels (see Theory: section

2.6 for a more detailed description) where the maximum radius was 120 nm and the

increment used was 15 nm. Multi-colour analysis was carried out using custom scripts

in Python 3.13 [180].

3.8.3 Cluster analysis

The presence of clusters was determined by calculating Ripley’s H-function [160], H(r),

along a search radius of 500 nm with an increment of 10 nm (Theory: 2.6.1). Clusters

were then identified using hierarchical density-based spatial clustering with noise (HDB-

SCAN) [162], resulting in a cluster value assigned to each localisation. All localisations

belonging to a particular cluster were subsequently extracted and cluster parameters—

number of ACE-2 molecules, radius, area, density, and circularity—were calculated.

From these parameters, dimensionality reduction was carried out using principal com-

ponent analysis (PCA) to facilitate interpretation and visualisation of the cluster data.

Cluster analysis was carried out using custom scripts in Python 3.13 [180].
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3.9 Mirror-enhanced fluorescence imaging

22 mm x 22 mm x 5 mm glass slides coated with 10 nm silicon nitride, 50 nm silver,

and 2 nm of germanium were purchased from Nanjing Bote Electro-Optics Co., Ltd.

The slides were coated with 100 nm diameter fluorescent beads as previously described

(3.4.1). The beads were imaged as described in Methods: 3.5.1. However, a widefield

image was acquired instead of an image sequence.

U2OS cells stably expressing Nup96-SNAP were grown on the mirror-coated slides with

the conditions as described in Methods: 3.4.2. Fluorescent labelling was carried out as

previous (Methods: 3.4.5), except all reagents were made to a volume of at least 3 mL

to ensure the cells on the slide were coated. STORM buffer was prepared as previous

(Methods: 3.4.10) and dispensed onto a 22 mm x 50 mm #1.5 glass coverslip (VWR,

16004-336). The mirror-coated slide was then mounted such that the cells (middle)

were sandwiched between the slide (top) and the coverslip (bottom, in contact with the

objective lens). STORM imaging, single-molecule localisation, and postprocessing were

carried out as previous (Methods: 3.6.1, 3.7.1, 3.7.2). Signal-to-noise ratio calculations

of fluorescently labelled nuclei were carried out from widefield images by using a custom

Python script to segment nuclei using the implementation of Otsu’s method in the scikit-

image Python package [133, 181]. The signal was taken to be the difference in mean

intensity between the nuclei and the background while the noise was taken to be the

standard deviation in intensity of the background.

3.10 Denoising with a Spatial redundancy transformer

3.10.1 Training and inference

The detailed implementation of the model is specified in Li et al. 2023 [81]. The

denoising model was trained in all cases with the following settings: 6000 3D (xyt)

training pairs, a patch size of 128 x 128 x 128 pixels, and the Adam optimiser [182].

The loss function for each training pair was a linear combination of L1-norm loss and L2-

norm loss (Theory: 2.7). 1–4 NVIDIA A100-SMX4-80GB GPUs were used for training.

The same settings and GPUs were used for inference, whereby the output was a denoised
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image stack. Single-molecule localisation and postprocessing for denoised image stacks

was carried out as previous (Methods: 3.7.1, 3.7.2). The deep learning architecture was

implemented in Python 3.9.

Two custom loss functions were included to remove noise from unspecifically bound or

out-of-focus fluorophores. The first loss function calculated the negative mean of the

pixelwise absolute difference between adjacent frames, resulting in lower (more negative)

loss if adjacent frames had low similarity and higher (less negative) loss if adjacent

frames were very similar. Since the goal of training is to minimise loss, the aim of this

loss function was to penalise the model for retaining pixels with little change in intensity,

and therefore, slow photoswitching kinetics.

The second loss function first identified bright regions of the image substacks by applying

a mask that retained pixels where the mean intensity over time was greater than 2.5% of

the maximum intensity of each image. From these bright regions, the temporal variance

was calculated for each pixel. Finally, the negative mean of the temporal variance was

calculated, meaning that the loss was lower if the bright regions were photoswitching

and higher if the bright regions were not photoswitching which may have corresponded

to noise from out-of-focus fluorophores or aggregated unspecifically bound fluorophores.

3.10.2 Denoising evaluation

Denoising was evaluated on three independent image sequences of microtubules and

nuclear pore complexes labelled with AF647, as well as three image sequences of ACE-

2-SNAP labelled with ATTO 488 that had been incubated with SARS-CoV-2 spike

protein. For the low-power NPC image sequence, the power density was 0.8 kW/cm2.

Subpixel localisation of the denoised image sequences was carried out using the settings

specified in 3.7.1. The postprocessing procedures described in 4.8.2 were also applied

to the denoised data. The FRC resolution comparisons were evaluated with the custom

routine described above in Section: 3.7.3. The PANELJ plugin in Fiji was used for the

evaluation of nuclear pore complex data using the rolling FRC algorithm [153]. Here,

the settings were: a fixed threshold of 0.143 as the resolution criterion, a block size of

64 pixels, a background intensity of 15, and a pixel size of 10 nm.
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The photon counts of denoised, and non-denoised image sequences were evaluated on

three independent datasets of microtubules and nuclear pore complexes labelled with

AF647. To ensure the same molecules were compared across the original and denoised

image sequences, a custom localisation routine [183] was written in Python 3.13 with

a similar algorithm to ThunderSTORM as outlined in Theory: 2.3. This custom rou-

tine differed in the choice of image filter, the threshold calculation for detecting single

molecules, and the localisation precision calculation. A difference of Gaussians filter was

used instead of a wavelet filter due to differences between wavelet filter implementations

in Python and Java (which ThunderSTORM is written in). The threshold was based on

a user-specified multiple of the RMS intensity of the filtered image, and the localisation

precision was estimated by calculating and inverting the Fisher information matrix to

obtain the Cramér-Rao lower bound, as described in Theory: Eqs. 2.21, 2.22, and 2.23.

An intensity threshold of 3.5 ∗ RMS was used.

3.11 List of Python packages

Several custom-written Python 3.13 analysis routines have been described, all of which

depend on a number packages. These include: NumPy (version 2.2.6) [184], Matplotlib

(version 3.10.6) [185], OpenCV (version 4.12.0.88) [186], SciPy (version 1.16.2) [187],

scikit-learn (version 1.5.2) [188], Seaborn (version 0.13.2) [189], Numba (version 0.61.2)

[190], Pandas (version 2.3.2) [191], Tifffile (version 2025.9.9) [192], PyArrow (version

21.0.0) [193], and RipleyK (version 0.0.3) [194]. In addition, SRDTrans uses the following

packages: PyTorch (version 2.4.0) [195], timm (version 1.0.15) [196], einops (version

0.8.1) [197], and Scikit-image (version 0.24.0) [133]. The custom routines also contain

the various dependencies which the above packages rely on.
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4 Drift-free SMLM

4.1 Overview

As highlighted in Introduction: 1.2.1, sample drift presents major problems in the ac-

quisition of reliable and reproducible SMLM data due to its worsening of localisation

accuracy and necessitation of additional experimental procedures to correct drift. To

overcome this limitation, a novel microscope design, termed reinforced optical cage sys-

tems (ROCS), is presented in this chapter. The results of this chapter have also been

published in ref. [198]. However, all work presented herein is my own work.

The ROCS are inspired by reinforced concrete structures in civil engineering, where con-

crete is embedded with steel bars to improve resistance to shear, tensile, and compressive

stresses [199]. Following this blueprint, the ROCS feature perforated optomechanical

components that are directly affixed to an optical bench, and are rigidly interconnected

with and supported by tungsten steel rods, thus preventing mechanical drift of the op-

tical components—for example, lenses, mirrors, and filters—housed inside. In contrast,

conventional optical cage systems use non-perforated optomechanical components that

are affixed to an optical bench by an optical post and are neither interconnected nor

supported by steel rods. As such, the mechanical stability of conventional optical cage

systems is hypothesised to be worse than a ROCS microscope.

Prior to the results presented in this chapter, Hao Qiu (Octopus, Central Laser Facility)

and Professor Lin Wang (Octopus, Central Laser Facility) had designed and constructed

an SMLM-capable microscope using ROCS to overcome the instability inherent to con-

ventional optical cage system microscopes, the design of which is described in Methods:

3.1. Guoli Li and Rong Su (Shanghai Institute of Optics and Fine Mechanics, Chinese

Academy of Sciences) had also conducted vibrational mode analysis simulations [200]

to compare the mechanical stability of the ROCS microscope compared to conventional

optical cage system microscopes [198]. These simulations compared specific optical

components, including the sample stage and right-angle kinematic mirrors, and demon-
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strated that the mechanical stability was worse for conventional optical cage systems

compared to the ROCS.

Following the simulation results, the goal of this chapter is to assess experimentally

the ability of the ROCS microscope to negate drift by quantifying sample drift from

widefield imaging of fluorescent beads. The drift quantification is then extended to

direct stochastic optical reconstruction microscopy (dSTORM) of microtubules and nu-

clear pore complexes which represent a well-characterised one-dimensional and two-

dimensional sample, respectively.

4.2 Mechanical stability in conventional fluorescence mi-

croscopy

To evaluate the mechanical stability of the ROCS microscope, 100 nm fluorescent beads

were imaged using widefield microscopy. In this experiment, the laser was only turned

on during image acquisition, allowing mechanical drift to be assessed in isolation. The

autofocus function in Micromanager—which is responsible for active stabilisation of the

focal plane during acquisitions—was also turned off to allow quantification of axial drift.

4.2.1 Evaluation of axial mechanical drift

The beads were imaged using a 488 nm laser over two hours, with one frame acquired

every 30 s, resulting in a 240-frame image sequence. Single-molecule localisation was

then carried out for each fluorescent bead in the image sequence, according to Theory:

2.3 and Methods: 3.7.1, to determine the xy localisations (x0, y0), PSF size (σ), back-

ground (b), and intensity (I0), where the terms in brackets are from Theory: Eqs. 2.10,

2.11, 2.12. From the PSF size, the axial drift was quantified, as described in Theory :2.5

and Methods: 3.7.4. In total, five independent image sequences were acquired, resulting

in five independent measures of axial drift.

The results from axial drift quantification using the ROCS microscope are shown in

Fig. 4.1. Here, the mean change in PSF size over 240 frames (∆FWHM) (Fig. 4.1c),

using the first frame as a reference frame, was quantified, along with a 95% confidence

interval. As the z-position of the microscope moves away from the focus, ∆FWHM
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would be expected to increase or decrease [201]. The presence of axial drift, therefore,

would result in a gradual increase or decrease in ∆FWHM.

Fig. 4.1: Axial drift quantification in conventional widefield microscopy using the
ROCS microscope. a Widefield image of the fluorescent beads. Scale bar: 10 µm. b Dotplot
of ∆FWHM for all five experimental repeats, where each dot represents one experiment. The
central bar represents the mean of the five experiments which was 2.0 ± 5.6 nm. The upper
and lower bars represent one standard deviation. c The mean change in the PSF sizes of the
fluorescent beads in each frame, relative to the first frame, for one image sequence. The blue
dots represent the average change in PSF size at each time point. The solid red line is the
mean change in PSF size and was -3.4 ± 18.6 nm. The dashed red lines represent the upper
and lower bounds of the 95% confidence interval which are -60.1 nm and 60.1 nm, respectively.

The mean change in PSF size was -3.4 ± 18.6 nm over 240 frames for the example shown

in Fig. 4.1 and was 2.0 ± 5.6 nm for all five experimental repeats 4.1b. All values of

∆FWHM also lay within the 95% confidence interval (Fig. 4.1c), indicating that there

was no significant change in PSF size over time and that changes in PSF size could be
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attributed to measurement variability rather than axial drift. Furthermore, the changes

in PSF size were an order of magnitude below the depth of field of the microscope (∼500

nm), implying that the microscope had sufficiently high mechanical stability to prevent

loss of focus in conventional fluorescence microscopy over two hours.

Similar axial drift was observed for other experimental repeats. All mean values of

∆FWHM were between -10 nm to 10 nm (Fig. 4.1b) and were also two orders of

magnitude below the depth of field of the microscope. Therefore, it was unlikely that

there was any measurable axial drift in the ROCS microscope over two hours.

As a comparison, the axial drift was evaluated on image sequences of 100 nm fluorescent

beads, acquired using the ROCS microscope with autofocus turned on. In other words,

with active stabilisation of the focal plane, to provide a reference standard for the

measurement result from Fig. 4.1. This image sequence was acquired by Hao Qiu

(Octopus, Central Laser Facility). The same analysis approach as presented in Fig. 4.1

was used, and five independent repeats were carried out.
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Fig. 4.2: Axial drift quantification of fluorescent beads with autofocus enabled. a
Widefield image of the fluorescent beads. Scale bar: 10 µm. b Dotplot of ∆FWHM. The mean
for all five experimental repeats was 0.7 ± 2.1 nm. c The mean change in the PSF sizes of the
fluorescent beads over time. The mean was -1.9 ± 2.9 nm and the upper and lower bounds of
the confidence interval was -10.0 nm and 10.0 nm, respectively.

From the axial drift quantification with active drift stabilisation (Fig. 4.2), the change

in the PSF sizes for all five experimental repeats was 0.7 ± 2.1 nm (Fig. 4.2b). Similar

to the results shown in Fig. 4.1, all of the PSF size changes were below the depth of

focus of the microscope, and do not show an overall increase or decrease over the two

hours of image acquisition (Fig. 4.2c), as would be expected from having active drift

stabilisation. The similarity of the results with and without active stabilisation further

supported the observation that the ROCS microscope did not exhibit significant axial
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drift.

To further evaluate the stability exhibited by the ROCS microscope, the axial drift of

fluorescent beads was quantified with a commercial ZEISS AxioObserver Z1 microscope.

Again, image sequences were acquired without active z-axis stabilisation. However,

unlike the ROCS microscope, clear axial drift was observed after five minutes (Fig.

4.3a). The same image acquisition settings from the ROCS microscope image sequences

(one frame every 30 s for 240 frames total), therefore, could not be used. Instead, a

camera exposure time of 100 ms was used with a total of 3000 frames, resulting in five

minutes of image acquisition.

A substantially different pattern for ∆FWHM was observed from the bead image se-

quences acquired with a commercial microscope (Fig 4.3). The mean ∆FWHM across

five experiments (Fig 4.3c) was 148.2 ± 54.3 nm which was two orders of magnitude

higher compared to the same results from the ROCS microscope, with and without aut-

ofocus (Fig. 4.1b, Fig. 4.2b). The overall trajectory of the axial drift (Fig. 4.3b) also

differed, with a clear increase in ∆FWHM, as opposed to the fluctuations in ∆FWHM

observed from the ROCS microscope data (Fig. 4.1c, Fig. 4.2c). Of further note is

the ∆FWHM reaching ∼ 380 nm—a value slightly exceeding the microscope depth of

focus—after only five minutes (Fig. 4.3b), while the maximum ∆FWHM from the ROCS

microscope was always at least one order of magnitude below the depth of focus over

two hours. Therefore, the performance of STORM would likely be degraded without

the use of active focal plane stabilisation.
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Fig. 4.3: Axial drift quantification of fluorescent beads without active stabilisation
using a commercial microscope. a Widefield images of the fluorescent beads representing
the start (T = 0 s), middle (T = 150 s), and end (T = 300 s) of the image acquisition,
respectively. Slight defocus is visible at T = 150 s while clear loss of focus is observed at T =
300 s. Scale bar: 10 µm. b Change in the PSF sizes of fluorescent beads over five minutes of
image acquisition. The mean ∆FWHM was 159.7 ± 127.8 nm while the upper and lower
bounds for the confidence interval are -6.7 nm and 6.7 nm, respectively. The mean for all five
experimental repeats was 0.7 ± 2.1 nm. c Dotplot of ∆FWHM for all five experimental
repeats. The mean was 148.2 ± 54.3 nm.
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In conclusion, these results demonstrated that the ROCS microscope could negate me-

chanical drift in the axial direction over two hours, thus offering an exceptional level of

stability compared to commercial microscopes.

4.2.2 Evaluation of lateral mechanical drift

The lateral drift was quantified (Theory: 2.5, Methods: 3.7.4) using the same image

sequences presented in Fig. 4.1 and Fig. 4.2. Here, the xy localisations were used to

estimate the x and y drift trajectories of the beads from the image sequences, resulting in

a drift value for x and y each for every frame, x̄t , ȳt. From the trajectories, the drift was

quantified along x and y by taking the mean absolute value for all 240 frames to produce

⟨x̄⟩ , ⟨ȳ⟩. The trajectories—along with the xy positions of beads (xi,t−θi , yi,t−θi)—are

plotted, as well as the distributions of the drift values (x̄t , ȳt) of all frames.
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Fig. 4.4: Lateral drift quantification of fluorescent beads without active
stabilisation using the ROCS microscope. a Lateral drift trajectory over two hours from
the same image sequence as Fig. 4.1. The scatter points represent the bead xy positions,
xi,t − θi , yi,t − θi (see Theory: 2.5 for more details). The curves represent the overall
trajectory, i.e. all values of x̄t , ȳt. b Dotplot of the absolute drift values for all frames from
the drift trajectory plotted in a. The dots represent the absolute drift values for each frame.
The central bar represents the mean drift which was 0.8 ± 0.7 nm along the x-axis and 1.1 ±
0.7 nm along the y-axis. The upper and lower bars represent one standard deviation. c
Dotplot of the mean absolute drifts for all five experimental repeats. Each dot represents the
mean absolute drift, ⟨x̄⟩ , ⟨ȳ⟩, for one experiment. The central bar is the mean which was 2.5 ±
1.4 nm along the x-axis and 4.0 ± 3.0 nm along the y-axis.

From the five image sequences acquired without autofocus, the overall lateral drift was

2.5 ± 1.4 nm along the x-axis and 4.0 ± 3.0 nm along the y-axis (Fig. 4.4c). For the

example image sequence in Fig 4.4, the lateral drift was 0.8 ± 0.7 nm and 1.1 ± 0.7 nm
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along the x-axis and y-axis, respectively, over two hours of imaging (Fig. 4.4b). Both

drift measurements were at least two orders of magnitude below the diffraction limit of

conventional fluorescence microscopy and were one order of magnitude lower than typical

localisation precision values (∼ 20 nm) attainable from STORM [19]. These results,

combined with the axial drift measurements, demonstrate that the ROCS microscope

exhibits negligible drift in all three dimensions over extended imaging periods.

The potential effects of active focal plane stabilisation on lateral drift of the ROCS

microscope were also investigated. The same analysis approach from Fig. 4.4 was

applied to the image sequences from Fig. 4.2.
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Fig. 4.5: Lateral drift quantification of fluorescent beads with active stabilisation
using the ROCS microscope. a Lateral drift trajectory over two hours from the same
image sequence as Fig. 4.2. The scatter points represent the bead xy positions. The curves
represent the overall trajectory, i.e. all values of x̄t , ȳt. b Dotplot of the absolute drift values
for all frames from the drift trajectory plotted in a. The dots represent the absolute drift
values for each frame. The central bar represents the mean drift which was 7.1 ± 2.4 nm along
the x-axis and 5.5 ± 4.0 nm along the y-axis. The upper and lower bars represent one standard
deviation. c Dotplot of the mean absolute drifts for all five experimental repeats. Each dot
represents the mean absolute drift for one experiment. The central bar is the mean which was
4.5 ± 2.0 nm along the x-axis and 5.2 ± 1.7 nm along the y-axis.

With active stabilisation, the lateral drift of the example bead image sequence from the

ROCS microscope (Fig. 4.5a, Fig. 4.5b) was 7.1 ± 2.4 nm and 5.5 ± 4.0 nm along the

x-axis and y-axis, respectively. For all five experimental repeats, the mean drift was 4.5
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± 2.0 nm along the x-axis and 5.2 ± 1.7 nm along the y-axis (Fig. 4.5c). The similarity

of these results to those acquired without active axial drift stabilisation shows that the

use of active stabilisation does not affect lateral drift. Together with the quantification

of axial drift with and without active stabilisation (Fig. 4.1, Fig. 4.2), the lateral drift

measurements demonstrated that the ROCS is capable of drift-free imaging without

the use of additional software or hardware for real-time active drift stabilisation. The

ROCS thereby offers a potential route to reduce cost and simplify hardware requirements

without compromising performance.

As a final comparison to evaluate mechanical drift, the lateral drift of the commercial

microscope used to obtain the results in Fig. 4.3 was also quantified with active drift

stabilisation. The same experimental conditions and analysis approach as previous were

used.
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Fig. 4.6: Lateral drift quantification of fluorescent beads with active stabilisation
using the AxioObserver commercial microscope. a Representative widefield image.
Scale bar: 10 µm. b Lateral drift trajectory over two hours from a representative image
sequence. The scatter points are the bead xy positions while the curves are the drift trajectory.
c Dotplot of the drift values from b with the central bars denoting mean values of 119.7 ± 23.1
nm and 363.8 ± 93.7 nm along the x-axis and y-axis, respectively. d Dotplot of the lateral drift
measurements from all five experimental repeats. The mean drift was 148.3 ± 119.8 nm along
the x-axis and 259.4 ± 124.1 nm along the y-axis.

Quantification of lateral drift using the commercial microscope yielded values of 119.7 ±

23.1 nm and 363.8 ± 93.7 nm along the x-axis and y-axis, respectively, for the example

image sequence (Fig. 4.6b, Fig. 4.6c), while mean drift values of 148.3 ± 119.8 nm

and 259.4 ± 124.1 nm along the x-axis and y-axis, respectively, were calculated for all

five experimental repeats (Fig. 4.6d). These drift measurements were two orders of

magnitude greater than those in Fig. 4.4 and Fig. 4.5 and are substantially beyond

typical lateral localisation precision values attainable in STORM.
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In conclusion, the evidence from widefield imaging of beads over two hours supports the

hypothesis that the ROCS can negate lateral and axial drift. The ROCS thus confers a

level of mechanical stability unachievable even with a high-end commercial microscope.

From the drift quantification, it is also hypothesised a negligible level of drift would be

observable in STORM imaging, particularly because typical STORM image acquisitions

are substantially shorter (15–30 minutes vs 2 hours [18]) than the acquisition times used

to measure drift from fluorescent beads.

4.3 Evaluating sample drift in ROCS-STORM

The evidence from drift quantification in widefield microscopy suggested that mechanical

drift would be negligible in STORM. In particular, the axial drift would have to exceed

the depth of field of the microscope (∼ 450 nm) to have a detrimental effect on the

localisation precision. Since the recorded axial drift over two hours was two order of

magnitude below this value, it was unlikely that the axial drift of the ROCS microscope

would have affected STORM imaging. Furthermore, the severity of the axial drift of

the commercial microscope relative to the ROCS microscope may have necessitated

shorter acquisition times in STORM, potentially undersampling the structure of interest.

As such, it would have likely been challenging to compare the ROCS and commercial

microscopes solely on axial drift. For these reasons, the evaluation of sample drift

in STORM was focused only on lateral drift and the Fourier ring correlation (FRC)

resolution (Theory: 2.4).

The experimental approach for drift quantification was to carry out three independent

repeats each of STORM imaging for microtubules and nuclear pore complexes (NPCs),

the characteristics of which are described in Introduction: 1.4.1 and Introduction: 1.4.2,

respectively. Both samples are common reference standards in SMLM [52, 93].

For drift quantification, the super-resolution image was first drift corrected by applying

redundant cross-correlation (RCC) using the super-resolution microscopy analysis plat-

form (SMAP) [154]. Qualitative assessments of super-resolution image quality before

and after drift correction, as well as between the ROCS microscope and a commercial

microscope (ZEISS Elyra PS.1), were first carried out, followed by quantitative assess-
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ments of the lateral drift from the drift trajectories obtained from RCC (see Theory: 2.5

and Methods: 3.7.4 for more details). Finally, the image resolutions were compared by

computing the FRC resolutions. The results of this analysis are sensitive to the method

by which the localisation table is split to form two image halves, and the resolution cri-

terion. In this chapter, the localisations were split at their midpoint to allow potential

resolution degradation by sample drift to be assessed—an effect which would not be

assessable by splitting the data by odd and even frames. A fixed FRC threshold of 1/7

(≈ 0.143) was also used to assess the resolution.

4.3.1 Evaluating sample drift from STORM imaging of microtubules

Microtubules in HeLa cells were immunolabelled according to Methods: 3.4.4 with an

anti-α-tubulin primary antibody and a secondary antibody conjugated to Alexa Fluor

647 (AF647). STORM imaging was carried out over 15 minutes (33000 frames) as

described in Methods: 3.6.1 and Methods: 3.6.3 for the ROCS microscope and commer-

cial microscope, respectively. Single-molecule localisation was carried out as described

in Theory: 2.3 and Methods: 3.7.1. The qualitative assessment from a representative

STORM image acquired using the ROCS microscope is shown in Fig. 4.7 while the

remaining ROCS STORM images are shown in Appendix: Fig. A.4 and the remaining

commercial microscope STORM images are shown in Appendix: Fig. A.5.
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Fig. 4.7: STORM imaging of immunolabelled α-Tubulin in HeLa cells using the
ROCS-STORM microscope. a Widefield image of microtubules. Scale bar: 5 µm. b
Localisation precision histogram from the localisation data. The mean localisation precision
was 17.5 ± 7.3 nm. c Super-resolution reconstruction from the first STORM image sequence
without RCC drift correction. Scale bar: 5 µm. The remaining reconstructions are shown in
Appendix: Fig. A.4. d Super-resolution reconstruction with RCC drift correction. Scale bar: 5
µm. e Magnified view of the region of interest enclosed by a white rectangle in c. Scale bar: 1
µm. f Magnified view of the region of interest enclosed by a white rectangle in d. Scale bar: 1
µm.

From the qualitative assessment of STORM image quality, more details of the micro-

tubules were visible in the super-resolution images (Fig. 4.7c, Fig. 4.7d) compared to

the widefield image (Fig. 4.7a). This observation, combined with a reasonable locali-

sation precision of 17.5 ± 7.3 nm (Fig. 4.7b), confirmed that the ROCS was capable

of STORM imaging with a similar performance to that described in the literature [18,

98



52, 202]. Further, there was little visible difference in the appearance of microtubules

in the STORM images following drift correction (Fig. 4.7e, Fig. 4.7f, Appendix: Fig.

A.4), implying that lateral drift did not adversely affect the image quality from STORM

imaging using the ROCS microscope.

In comparison, the qualitative assessment of STORM image quality from the same

biological structure using the commercial microscope revealed that while details of the

microtubules not visible in the widefield image could be visualised with STORM (Fig.

4.8), they were blurred and indiscernible without RCC (Fig. 4.8c, 4.8e, Appendix: A.5).

Differences in illumination and detection optics between the ROCS and commercial

microscope were unlikely to have contributed to the difference in experimental outcomes

due to the similarity in localisation precisions (19.0 ± 5.2 nm with the commercial

microscope, compared to 17.5 ± 7.3 nm with the ROCS), indicating that single-molecule

detection and fitting were of similar accuracy.
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Fig. 4.8: STORM imaging of immunolabelled α-Tubulin in HeLa cells using the
commercial ZEISS Elyra PS.1 microscope. a Widefield image of microtubules. Scale bar:
5 µm. b Localisation precision histogram from the localisation data. The mean localisation
precision was 19.0 ± 5.2 nm. c Super-resolution reconstruction from the first STORM image
sequence without RCC drift correction with clear blurring from sample drift. Scale bar: 5 µm.
The remaining reconstructions are in Appendix: Fig. A.5. d Super-resolution reconstruction
with RCC drift correction. Scale bar: 5 µm. e Magnified view of the region of interest enclosed
by a white rectangle in c, showing blurring from sample drift. Scale bar: 1 µm. f Magnified
view of the region of interest enclosed by a white rectangle in d. Scale bar: 1 µm.

To quantify lateral drift, RCC was applied to the localisation data from STORM, split-

ting the data into several subsets, from which lateral drift was estimated [45, 46]. The

drift was then quantified for one set of STORM data by taking the mean of the absolute

drift values from all subsets to yield ⟨x̄⟩, ⟨ȳ⟩ (Theory: 2.5, Methods: 3.7.4). This pro-

cedure was repeated for all three experimental repeats to obtain the final lateral drift

quantification metric.
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Fig. 4.9: Quantitative comparison of lateral drift between the ROCS and
commercial microscope. a Drift trajectory from the first STORM image sequence of
microtubules using the ROCS microscope. The drift trajectories of the two other image
sequences are shown in Appendix: A.3.1. The scatter points represent the drift estimated from
each image subset while the curves represent the drift trajectory. The localisation data were
divided into 12 subsets. The mean sample drift was 17.0 ± 7.6 nm along the x-axis and 11.9 ±
9.9 nm along the y-axis. b Drift trajectory from the same biological structure as b but from
the commercial microscope. The mean sample drift was 37.5 ± 19.4 nm along the x-axis and
125.8 ± 67.1 nm along the y-axis. The localisation data were divided into 21 subsets. c
Dotplot of the estimated drift of image subsets from each STORM image sequence acquired
with the ROCS microscope, as well as the mean drift from each STORM dataset. A blue star,
orange diamond, and green triangle denote the mean drifts of datasets 1, 2, and 3 respectively.
Each dot represents the drift from an image subset and is colour-coded depending on the
dataset. The central bar is the mean across all repeats while the upper and lower bars
represent one standard deviation. The mean drifts of datasets 2 and 3, in the order (x-drift,
y-drift), were (17.9 nm, 7.3 nm) and (9.2 nm, 4.1 nm), respectively. The overall mean drift was
14.4 ± 8.2 nm along the x-axis and 7.3 ± 6.5 nm along the y-axis. d Same plot as c but for
image sequences acquired with the commercial microscope. The mean drifts of datasets 2 and
3 were (185.2 nm, 109.4 nm) and (199.9 nm, 51.9 nm), respectively. The overall mean drift was
143.6 ± 124.0 nm along the x-axis and 93.7 ± 60.0 nm along the y-axis.
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Large differences in sample drift between the ROCS microscope and commercial micro-

scope were observed from the lateral drift quantification. For the ROCS, the drift from

the example dataset was 17.0 ± 7.6 nm along the x-axis and 11.9 ± 9.9 nm along the

y-axis (the remaining drift trajectories are in Appendix: A.3.1), while the overall drift

was 14.4 ± 8.2 nm along the x-axis and 7.3 ± 6.5 nm along the y-axis (Fig. 4.9a, Fig.

4.9c). In contrast, the sample drift from the commercial microscope was higher with the

example dataset exhibiting drift of 37.5 ± 19.4 nm along the x-axis and 125.8 ± 67.1

nm along the y-axis (Fig. 4.9b), and the measurements from all repeats exhibiting drift

of 143.6 ± 124.0 nm along the x-axis and 93.7 ± 60.0 nm along the y-axis (Fig. 4.9d).

This analysis corroborates the drift measurements from widefield imaging in that the

ROCS microscope confers minimal sample drift that is unattainable with off-the-shelf

commercial microscopes.

To further assess the effect of sample drift on the resolution performance of the ROCS

microscope, the FRC resolutions before and after drift correction were compared. If

sample drift was minimised to negligible levels, the FRC resolutions would be expected

to be similar before and after drift correction while large differences in FRC resolutions

would be expected if sample drift were high. Three independent experimental repeats

were carried out with a representative example and the mean FRC resolution across the

repeats shown in Fig. 4.10 and Table 4.1, respectively.
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Fig. 4.10: Comparisons of microtubule FRC resolutions before and drift correction
from a representative example. a Representative example of the FRC resolutions of a
STORM image of microtubules acquired with the ROCS microscope. The FRC resolutions
before and after RCC were 90.4 nm and 83.0 nm, respectively. b Representative example of the
FRC resolutions of a STORM image of microtubules acquired with the commercial microscope.
The FRC resolutions before and after RCC were 312.5 nm and 50.9 nm, respectively. A
threshold of 1/7 (≈ 0.143) was used for all calculations.

Table 4.1: Mean FRC resolutions of microtubule STORM images acquired with
the ROCS and commercial microscopes before and after RCC.

Microscope Before/after
RCC

Mean FRC resolution
(nm)

ROCS Before 92.6 ± 4.4

ROCS After 81.9 ± 0.9

Commercial Before 461.7 ± 107.4

Commercial After 109.0 ± 41.1

As anticipated, the resolution of the STORM images from the ROCS microscope were

similar before and after drift correction, with a difference of approximately 9 nm in

the mean FRC resolution following RCC (Table 4.1). In contrast, the FRC resolution

increased substantially following drift correction in the data acquired with the commer-

cial microscope, with an approximately 4.2-fold increase in the mean FRC resolution,

highlighting the consistent detrimental effect of sample drift on image resolution.

Notably, the measured drift from the ROCS microscope was below half the measured

resolutions in all experimental repeats (Fig. 4.9c, Fig. 4.10a) which was not observed

for the STORM images from the commercial microscope. Taken together, the FRC res-

olutions and the drift quantification highlight that the ROCS microscope can prevent
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sample drift from degrading the resolution of STORM images resolutions—a capabil-

ity that is unachievable in standard commercial microscopes without additional drift

correction.

4.3.2 Evaluating sample drift from STORM imaging of NPCs

To further investigate the improvement in stability conferred by the ROCS microscope,

STORM imaging of NPCs was carried out. Here, a U2OS cell line engineered to express

endogenously the nuclear pore complex protein nucleoporin 96 (Nup96) fused to a SNAP-

tag [50] was used, thereby permitting labelling with Alexa Fluor 647 (Methods: 3.4.5)

followed by STORM imaging. The same experimental approach for STORM, single-

molecule localisation, and drift quantification as the microtubule data was applied to

the NPC data.
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Fig. 4.11: STORM imaging of Nup96-SNAP-Alexa Fluor 647 in U2OS cells using
the ROCS microscope. a Widefield image of two nuclei. Scale bar: 5 µm. b Localisation
precision histogram of the single-molecule localisations. The mean localisation precision was
13.6 ± 6.6 nm. c Super-resolution reconstruction of two nuclei from the first STORM image
sequence without RCC drift correction. Scale bar: 5 µm. The remaining reconstructions are in
Appendix: Fig. A.4. d Super-resolution reconstruction of the same image sequence with RCC
drift correction. Scale bar: 5 µm. e Magnified view of the region of interest enclosed by the
white square in c. Scale bar: 0.2 µm. f Magnified view of the region of interest enclosed by the
white square in d. Scale bar: 0.2 µm.

The qualitative assessment of STORM image quality from a representative image se-

quence of NPCs was similar to those from microtubule STORM imaging; the localisation

precision of 13.6 ± 6.6 nm was indicative of reasonable single-molecule detection and
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localisation (Fig. 4.11b), and little difference in the ring structures of NPCs was visible

following drift correction (Fig. 4.11e, Fig. 4.11f, Appendix: Fig. A.4).

Again, the image sequences from the ROCS microscope were compared to the commer-

cial microscope following the same experimental approach as previous.

Fig. 4.12: STORM imaging of Nup96-SNAP-Alexa Fluor 647 using the commercial
Elyra PS.1 microscope. a Widefield image of a nucleus. Scale bar: 5 µm. b Localisation
precision histogram. The mean localisation precision was 17.7 ± 6.6 nm. c Super-resolution
reconstruction from the first STORM image sequence without RCC. Scale bar: 5 µm. The
remaining reconstructions are shown in Appendix: A.5. d Super-resolution reconstruction with
RCC. Scale bar: 5 µm. e Magnified view of the region of interest enclosed by the white square
in c. Scale bar: 0.2 µm. f Magnified view of the region of interest enclosed by the white square
in d. Scale bar: 0.2 µm.
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Similar to the qualitative assessment of microtubules, significant drift was visible in the

STORM images acquired using the commercial microscope (Fig. 4.12c, Fig. 4.12e,

Appendix: Fig. A.5), with the ring structures of NPCs indiscernible without RCC (Fig.

4.12f). The mean localisation precision of 17.7 ± 6.6 nm was also similar to the NPC

data from the ROCS microscope (Fig. 4.12b, Fig. 4.11b), highlighting the similarity of

performance for single-molecule localisation. Therefore, the differences in image quality

could be attributed purely to the difference in stability between the two microscopes.

Quantification of the lateral drift from all experimental repeats of NPC STORM imaging

corroborated the observations from the qualitative analysis (Fig. 4.13). For the ROCS,

the drift from the example NPC dataset was 9.9 ± 6.1 nm along the x-axis and 10.3 ±

5.4 nm along the y-axis (the remaining drift trajectories are shown in Appendix: A.3.1),

while the drift across all repeats was 6.8 ± 5.2 nm along the x-axis and 8.2 ± 5.2 nm

along the y-axis (Fig. 4.13a, Fig. 4.13c). Similar to the microtubules, sample drift from

the commercial microscope was higher with the example dataset and for all repeats.

The drift for the example dataset was 53.4 ± 29.8 nm along the x-axis and 135.2 ±

65.7 nm along the y-axis while for all repeats, it was 89.3 ± 62.0 nm along the x-axis

and 82.0 ± 59.6 nm along the y-axis (Fig. 4.13b, Fig. 4.13d). These measurements

further illustrate the enhancement in stability offered by the ROCS microscope relative

to commercial microscopes.
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Fig. 4.13: Quantitative comparison of lateral drift from NPC STORM imaging
between the ROCS and commercial microscope. a Drift trajectory from the first
STORM image sequence of NPCs using the ROCS microscope. The remaining drift
trajectories are shown in Appendix: A.3.1. The scatter points and curves are the same as in
Fig. 4.9a and Fig. 4.9b. The localisation data was divided into 18 subsets for RCC. The mean
sample drift for this image sequence was 9.9 ± 6.1 nm along the x-axis and 10.3 ± 5.4 nm
along the y-axis. b Drift trajectory of the sample biological structure as a but imaged with the
commercial microscope. The localisation data were divided into 24 subsets for RCC. The mean
drift was 53.4 nm ± 29.8 nm along the x-axis and 135.2 ± 65.7 nm along the y-axis. c The
same dotplot as Fig. 4.9c and Fig. 4.9d but for the NPC data from the ROCS microscope.
The mean lateral drift of datasets 2 and 3, in the order (x-drift, y-drift) were (2.4 nm, 9.0 nm)
and (8.1 nm, 5.4 nm). The overall drift was 6.8 ± 5.2 nm along the x-axis and 8.2 ± 5.2 nm
along the y-axis. d Same as c but for the NPC data acquired with the commercial microscope.
The mean lateral drifts of datasets 2 and 3 were (145.0 nm, 78.9 nm) and (78.1 nm, 30.5 nm).
The overall mean drift across all repeats was 89.3 ± 62.0 nm along the x-axis and 82.0 ± 59.6
nm along the y-axis.

The same FRC resolution analysis was applied to the NPC localisation data where the

resolutions were compared before and after RCC.
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Fig. 4.14: Comparisons of FRC resolutions of NPC data before and after drift
correction from a representative example. a A representative example of the FRC
resolutions of NPC STORM images acquired with the ROCS microscope. The resolution was
66.4 nm before RCC and 64.1 nm after RCC. b A representative example of the FRC
resolutions of NPC STORM images acquired with the commercial microscope. The resolution
was 330.2 nm before RCC and 64.6 nm after RCC.

Table 4.2: Mean FRC resolutions of NPC STORM images acquired with the
ROCS and commercial microscopes before and after RCC.

Microscope Before/after
RCC

Mean FRC resolution
(nm)

ROCS Before 65.2 ± 1.2

ROCS After 62.2 ± 1.4

Commercial Before 272.3 ± 54.8

Commercial After 68.6 ± 20.7

As previously demonstrated with the FRC resolution analysis of microtubule data, RCC

drift correction had little effect on the resolution of NPC STORM images acquired with

the ROCS microscope, with a mean resolution improvement of 3 nm (Table 4.2). Mean-

while, the mean resolution increase from RCC for the NPC data from the commercial

microscope was higher, with an increase of 203.7 nm (Table 4.2). It was also notable

that, again, the sample drift measured using the ROCS microscope was less than half

of the achievable FRC resolution while for the commercial microscope, the sample drift

was higher than half the FRC resolution.

The drift measurements from STORM imaging of NPCs thus provide additional evidence

that the novel ROCS microscope design offers a significant improvement in sample sta-
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bility. Meanwhile, drift correction methods are mandatory to acquire meaningful biolog-

ical information when using a commercial microscope, thereby increasing experimental

complexity.

4.4 Discussion and Conclusions

In this chapter, the drift quantification of a novel ROCS microscope has demonstrated

its exceptional mechanical stability, supporting the results from previous finite element

analysis simulations [198]. In widefield imaging of fluorescent beads, the lateral and

axial drift were both reduced to < 10 nm over two hours of image acquisition, thus

virtually eliminating their detrimental effects (Fig. 4.1, Fig. 4.4). Imaging microtubules

and NPCs also revealed that the ROCS microscope was capable of SMLM at a similar

level of performance to a high-end commercial microscope but with the advantage of

consistently achieving drift < 20 nm without the use of drift correction methods (Fig.

4.7, Fig. 4.8, Fig. 4.11, Fig. 4.12). Notably, there was little difference in the FRC

resolution before and after drift correction for SMLM data acquired with the ROCS

microscope (Fig. 4.10, Fig. 4.14) while the sample drift for all experimental repeats

with the ROCS microscope was under half of the FRC resolution (Fig. 4.9, Fig. 4.13),

highlighting that the drift was negated to such an an extent by the ROCS that it no

longer has a detrimental effect on image fidelity.

In a comparison between the ROCS and microscopes built as conventional optical cage

systems, the ROCS retains the advantages of optical cage systems, namely their compact

design, ease of alignment, facile assembly of optomechanical components, and lower cost

relative to commercial instruments. However, as mentioned previously, conventional

optical cage systems are hypothesised to suffer from worse mechanical stability than

the ROCS due to differences in the mounting of and connectivity of optomechanical

components. While an experimental comparison between the microscope designs was

not presented in this chapter, it is noteworthy that the ROCS microscope achieves

better mechanical stability compared to several bench-top microscopes described in the

literature that are constructed using conventional optical cage systems [203, 204]. In

fact, the sample drift measurements from these examples exhibit a similar degree of drift

to those from the commercial microscope in this chapter, thus underlining the poorer
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mechanical stability of conventional optical cage systems compared to the ROCS and

corroborating prior simulation results [198].

Because there were no experimental comparisons between microscope designs, the sta-

bility measurements of the ROCS microscope may benefit from a more systematic ex-

perimental analysis of the ROCS optomechanical components to quantify more precisely

their contribution to negating drift. While there were previous vibrational mode analy-

sis simulations comparing a right-angle kinematic mirror mount from the ROCS to the

same component from a conventional optical cage system [198], it could be beneficial,

for example, to quantify the drift following alteration of the ROCS optical layout such

that one mirror mount was replaced with a conventional optical cage system mirror

mount. The ROCS could be used as a benchmark for a mechanically stable system,

allowing different optomechanical components to be tested in this manner, such as the

sample stage and lens holders. With this approach, it may be possible to ascertain

which optomechanical components contribute the most to sample drift, thereby guid-

ing future development on improving microscope hardware stability, as well as assisting

other researchers troubleshooting instruments that are exhibiting high levels of drift,

particularly SMLM-capable instruments.

Finally, the SMLM imaging in this chapter focused purely on STORM imaging with

Alexa Fluor 647—one of the best performing dyes for STORM [91]. Different fluo-

rophores, which vary in their photophysical properties—particularly molar absorption

coefficient and duty cycle—or different imaging modalities, such as PALM and DNA-

PAINT, may require exposure times, excitation intensities, illumination wavelengths, or

acquisition times that were not characterised with the ROCS microscope in this chap-

ter. For example, several applications of PALM are reported in the literature where the

acquisition time exceeds the ∼15-minute image acquisition using the ROCS microscope

[21, 93, 205–207], likely necessary because of the lower photon counts of fluorescent

proteins. Meanwhile, typical acquisition times for DNA-PAINT far exceed those used

in this chapter, ranging from tens of minutes to several hours [208–210]. Even recent

advancements in accelerating DNA-PAINT have typical acquisition times that exceed

those in this chapter [211], and so the ROCS microscope may not always be capable

of negating drift for an SMLM experiment to the extent demonstrated above. Never-
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theless, the flexibility in tuning experimental parameters for SMLM—such as exposure

time, reducing agent concentration for STORM, activation and excitation intensities

for PALM, and imager strand length for DNA-PAINT—means that it may be possible

to accommodate a range of imaging modalities using the ROCS and extend its ability

to negate drift beyond STORM. Furthermore, even if the ROCS could not offer the

extent of drift negation described herein for an imaging modality, it would be likely

that the severity of drift would still be substantially below that of a commercial micro-

scope or a microscope built with a conventional optical cage system, thereby facilitating

downstream drift correction.

4.4.1 Conclusion

In summary, the ROCS microscope can decrease drift to negligible levels in standard

fluorescence microscopy and STORM—a feature hitherto unattainable using commer-

cial microscopes or conventional optical cage systems, thereby increasing the achievable

localisation accuracy. In addition, negating drift was achieved without additional ex-

perimentation, software, or hardware, thereby decreasing experimental complexity by

obviating the need for correcting drift during or after image acquisition. The ROCS de-

sign, therefore, simplifies the experimental workflow in SMLM, improving accessibility

to SMLM for biological imaging, and providing a blueprint for more reliable and more

reproducible SMLM.

112



5 Mirror-enhanced SMLM

5.1 Overview

Mirror-enhanced fluorescence describes the modulation of fluorescent signal by the pres-

ence of reflective layers. Previous literature has focused on the effects of metal inter-

faces on fluorophore properties [35, 36, 212], with some applications to cell imaging and

nanometer axial distance quantification of fluorophores from surfaces [34, 38]. From

these studies, it has been established that metal interfaces modulate fluorescence emis-

sion by modifying the radiative fluorescent decay rate, kr and the non-radiative fluores-

cent decay rate, knr. These rates, in turn, affect the excited state fluorescence lifetime,

τ , and the quantum yield, Φ, the degree of which depends on the distance from the

surface, z, and the angle between the fluorophore emission dipole and the optical axis,

θ. More specifically, the modified fluorescence lifetime is:

τ(z, θ)

τ0
=

kR,0 + kNR,0

kR(z, θ) + kNR(z, θ)
. (5.1)

τ(z, θ), kR(z, θ), and kNR(z, θ) are the fluorescent lifetime, radiative decay rate, and

non-radiative decay rate, respectively, in the presence of a metal interface. τ0, kR,0, and

kNR,0 are equivalent but in the absence of a metal interface. It is also assumed that the

orientations of fluorophore dipoles are isotropically distributed, and so only the distance

from the surface, z affects the fluorescent lifetime enhancement.

At short distances, the fluorescence lifetime is shortened due to the enhanced non-

radiative decay rate, kNR, which can be attributed to energy transfer from the fluo-

rophore to the metal, while at greater distances, interference effects from the mirror

reflection of the fluorophore result in oscillations of the apparent fluorescent lifetime

[213], and so the fluorescent lifetime and quantum yield will be higher for certain ranges

of distances from the metallic surface, resulting in fluorescence enhancement. The de-

gree of enhancement and the distances where the enhancement is maximised can be

modulated by altering the thickness of the reflective layers, as well as their material
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composition. Herein, a reflective surface consisting of silicon nitride, silver, and ger-

manium was used (Methods: 3.9), where the silicon nitride provided a biocompatible

surface for cell culture, the silver enabled fluorescent enhancement, and the germanium

was used to aid the deposition of a smooth silver layer [214].

In the context of SMLM, the higher quantum yield and fluorescent lifetime is predicted

to increase the number of photons collected, thereby increasing the localisation precision

and resolution. Indeed, a prior implementation of mirror-enhanced SMLM demonstrated

a maximum enhancement of approximately two-fold [40, 215]. Theoretically, such an

improvement would lead to a 1.4-fold increase in the localisation precision since σxy ∝
1√
N

, where N is the number of photons. While evidence of resolution improvements

was presented in theses studies, there has been no further work to develop or reproduce

these results. Moreover, the localisation accuracy and resolution of previously presented

SMLM data were ultimately limited by the use of antibodies, which introduce linkage

errors of 10–20 nm. There is also potential to combine mirror-enhanced fluorescence

with computational methods to increase further the resolution, for example by using

SRDTrans [81]—the denoising algorithm for which a characterisation and evaluation is

presented in Chapter 7.

The aim of this chapter, therefore, is to re-evaluate mirror-enhanced SMLM as a tool

for resolution enhancement more comprehensively, as well as evaluate its effectiveness in

combination with SRDTrans. The ROCS microscope described in Chapter 4 was used

for all STORM imaging.

5.2 Verification of Mirror-enhanced Fluorescence

The mirror-coated glass slides were designed with the same materials and thickness as

Heil et al. 2018, i.e. with 10 nm silicon nitride, 50 nm silver, and 2 nm germanium, and

were purchased from Nanjing Bote Electro-Optics Co., Ltd. Following the approach of

Chapter 4, the mirror-enhancement effect was first evaluated on widefield epifluorescent

images of 100 nm fluorescent beads which were acquired similarly to Methods: 3.5.1 and

Methods: 3.9 but with an excitation wavelength of 640 nm instead of 488 nm. In total,

three independent widefield images in each category were acquired for comparison.
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Fig. 5.1: Schematic of mirror-enhanced imaging and comparison of widefield
images from epifluorescent bead imaging with and without mirror-enhanced
fluorescence. Scale bars: 5 µm. a Schematic of the mirror-enhanced fluorescence
experimental setup. The illumination light is shown in red. b Widefield image of the beads
with mirror-enhancement using an excitation wavelength of 640 nm. The first, second, and
third repeats are shown on the left, middle, and right, respectively. c Widefield image of the
beads without mirror-enhancement. The order is the same as a and the grayscale range of the
image has been adjusted to be identical to a. Each pair of images from each repeat have been
adjusted to have the same grayscale range.

To evaluate the effects of mirror-enhancement on the photophysical properties of single-

molecules, single-molecule localisation was carried out for each bead under identical
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imaging conditions (Theory: 2.3, Methods: 3.7.1). From this procedure, the intensities,

background fluorescence, and localisation precisions of the beads (I0, b, and σxy from

Theory: Eqs. 2.10, 2.11, 2.12, and 2.24) with and without mirror-enhancement were

compared.
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Fig. 5.2: Comparison of photophysical properties from epifluorescent bead imaging
with and without mirror-enhanced fluorescence.a Dotplot comparing the bead
intensities (I0) estimated from single-molecule localisation. The intensities have been scaled
down by 100000 for ease of representation. A blue star, orange diamond, and green triangle
denote the mean intensity of image 1, 2, and 3, respectively. The dots represent the intensity of
a bead and are colour-coded depending on the dataset. The central bar is the mean of all
beads from all images while the upper and lower bars represent one standard deviation. The
mean intensities of images 1, 2, and 3 without mirror-enhancement were: 12640 photons, 31610
photons, and 9440 photons, respectively. The overall mean intensity was 17900 ± 19170
photons. With mirror-enhancement, the mean intensities were: 5840 photons, 21660 photons,
and 41310 photons, while the overall mean intensity was 22940 ± 41780 photons. b Dotplot
comparing the localisation precisions. The mean localisation precisions without
mirror-enhancement were: 5.0 nm, 8.0 nm, and 5.2 nm, and the overall mean localisation
precision was: 6.1 ± 4.5 nm. With mirror-enhancement, the localisation precision was: 5.0 nm,
3.7 nm, and 4.3 nm, while the overall mean localisation precision was 4.3 ± 1.7 nm. c Dotplot
comparing the backgrounds. Without mirror-enhancement, the mean backgrounds were: 44
photons, 83 photons, 32 photons. The overall mean background was 53 ± 52 photons. With
mirror-enhancement, the mean backgrounds were: 42 photons, 69 photons, and 143 photons,
and the overall mean background was 85 ± 113 photons.

From the comparative analysis, the beads imaged with the mirror-coated slides appeared
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brighter than those without mirror-enhancement (Fig. 5.1a, c, e & Fig. 5.1b, d, f).

The mean intensity of the beads across three repeats was slightly higher with mirror

enhancement than without (22940 ± 41780 photons compared to 17900 ± 19170 photons,

Fig. 5.2a), albeit with more variance. The higher variance can likely be attributed to the

distance between the beads and reflective layer not being known. It is likely that there

was experiment-experiment variation in the z-distance, resulting in differing degrees of

fluorescence enhancement and, thereby, increasing the variability.

The background fluorescence was also slightly higher when using mirror-enhancement,

with a mean of 85 ± 113 photons compared to 53 ± 52 photons (Fig. 5.2c). Nev-

ertheless, the increase in background for the mirror slides was not detrimental to the

improvement in localisation precision that arose from the increase in intensity. Indeed,

the mean localisation precision with mirror enhancement was 4.3 ± 1.7 nm while the

mean localisation precision without mirror enhancement was 6.1 ± 4.5 nm (Fig. 5.2b),

demonstrating that the mirror-enhancement effect was observable with these slides.

5.2.1 Widefield Imaging with Mirror-enhanced Fluorescence

To verify further the presence of mirror-enhanced fluorescence, nuclear pore complexes

were labelled with Alexa Fluor 647, as described in Methods: 3.4.5, resulting in fluo-

rescent emission only from the nuclei. The nuclei from epifluorescent images were seg-

mented using the implementation of Otsu’s method included in the scikit-image Python

package [133, 181]. The signal-to-noise ratio (SNR) was subsequently quantified accord-

ing to [216]:

SNR =
Im(x, y)S − Im(x, y)N

σN
, (5.2)

where Im(x, y)S and Im(x, y)N are the mean intensities for the images corresponding

to the nucleus (signal) and the background (noise), respectively. σN is the standard

deviation of the background.

Again, the SNRs of three images of nuclei without mirror-enhancement were compared to

three widefield images of nuclei with mirror-enhancement. The results of this comparison

are shown below.
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Table 5.1: Comparison of signal-to-noise ratios between mirror-enhanced
fluorescent imaging and standard fluorescent imaging from epifluorescent images
of nuclei. The signal-to-noise ratio was calculated using Eq. 5.2 where the intensity of the
nucleus was taken as the signal and the background intensity was taken as the noise. The
mean and standard deviation were then calculated from three repeats.

Mean SNR without a mirror Mean SNR with a mirror

4.7 ± 0.7 8.1 ± 0.7

Fig. 5.3: Epifluorescent images of nuclei in U2OS cells labelled with Alexa Fluor
647 with and without mirror-enhancement. All nuclei have been labelled with Alexa
Fluor 647. Three independent repeats were carried out in which there was one cell imaged per
repeat. a Epifluorescent images of nuclei with mirror enhancement. The scale bar is 5 µm. The
grayscale range has been adjusted such that all images have the same grayscale range as the
furthest left image. b Epifluorescent images of nuclei without mirror enhancement. The scale
bar is 5 µm. The grayscale range has been adjusted so that all images have the same grayscale
range as the furthest left image in a. c Example of the segmentation process. The mask
corresponding to the segmented nucleus from the middle image of a is shown. d The
background excluding the segmented nucleus produced by the segmentation process from the
middle image of a.

Qualitatively, the images of nuclei with mirror-enhancement (Fig. 5.3a) appear to have

greater intensity compared to those without (Fig. 5.3b). Indeed, the mean SNR of the
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three repeats using the mirror-coated slides was almost 2-fold higher with a value of 8.1

± 0.9 compared to a mean SNR of 4.7 ± 0.9 without the mirror coating.

This analysis demonstrated a greater mirror enhancement effect for widefield imaging

compared to that using fluorescent beads (Fig. 5.2)—an observation that is possibly

attributed to the difference in quantum yield (see Discussion, section 5.5 for more de-

tails). As such, it is likely that improved STORM imaging is achievable with these

mirror-coated slides.

5.3 Mirror-enhanced STORM Imaging

Following the demonstration of the mirror-enhancement effect on diffraction-limited flu-

orescence microscopy, mirror-enhanced STORM imaging with epi-illumination of U2OS

cells stably expressing Nup96-SNAP was carried out. The cells were grown on the silicon

nitride layer of the mirror-coated slides and the NPCs were labelled according to Meth-

ods: 3.4.5 and Methods: 3.9. The STORM image sequence was acquired as described in

Methods: 3.6.1 and single-molecule localisation was carried out as described in Theory:

2.3 and Methods: 3.7.1. In total, three image sequences of mirror-enhanced STORM

imaging of NPCs were acquired. For comparison, three STORM image sequences of

NPCs on ordinary glass coverslips were also acquired. Image acquisitions were carried

out within a similar timespan to ensure the age of reagents did not affect the data

quality, allowing for a fairer comparison.

Since the structure of NPCs is well-defined (Introduction: 1.4.2), structural differences—

which reflect differences in resolution—between NPCs with and without mirror-enhancement

may be discernible by visual comparison, depending on the extent of resolution enhance-

ment. An example of such a comparison for the first image sequence is shown below

(see Appendix: Fig. A.6 for the STORM images of dataset 2 and Fig. 5.6 for the third

dataset).
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Fig. 5.4: Comparison of NPC structures between mirror-enhanced STORM
imaging and conventional STORM imaging. Data from the first dataset is shown in this
figure. a Widefield images of a nucleus without mirror enhancement. The scale bar is 5 µm. b
Widefield image of a nucleus with mirror enhancement. The scale bar is 5 µm. c
Super-resolution image of a following conventional STORM imaging. The scale bar is 5 µm. d
Super-resolution image of b following mirror-enhanced STORM imaging. The scale bar is 5
µm. e Three representative examples of NPCs from c, i.e. with conventional STORM imaging.
The scale bar is 50 nm. f Three representative examples of NPCs from d, i.e. with
mirror-enhanced STORM. The scale bar is 50 nm.

From the visual comparison, little difference in NPC structure was discernible between

imaging with conventional STORM or mirror-enhanced STORM for the first dataset

(Fig. 5.4c, Fig. 5.4e, Fig. 5.4d, Fig. 5.4f). Therefore, it was unclear whether mirror-

enhancement had a measurable impact on the resolution for this dataset. As such, a more

comprehensive, quantitative analysis was carried out on the photophysical parameters

of the single-molecule localisation data. The weighted mean intensity, background, and

localisation precision for each dataset were calculated and compared.

Because the number of single-molecules detected in each STORM image sequence dif-

fered, the arithmetic mean of each photophysical parameter across the three different
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datasets would not be accurate representation of the overall mean. To address this, the

weighted means (µ) and standard deviations (σ) for each parameter (j) were calculated

and tabulated below using the following formulae.

µj =

∑N
i=1 nix̄j,i∑N
i=1 ni

(5.3)

σj =

√∑N
i=1(x̄j,i − µj)2∑N

i=1 ni

(5.4)

Here, x̄j,i and ni are the arithmetic mean for the jth parameter and sample size, respec-

tively, for the ith dataset, with a total number of N datasets.

Table 5.2: Weighted means of the single-molecule photophysical parameters from
comparing mirror-enhanced STORM and conventional STORM. The weighted means
were calculated for each parameter using Eq. 5.3 and the standard deviations were calculated
using Eq. 5.4

Experiment Weighted
mean intensi-
ties (photons)

Weighted mean
background
(photons)

Weighted mean
localisation
precisions (nm)

No mirror 1195 ± 137 61 ± 12 15.1 ± 1.9

Mirror 3735 ± 1498 113 ± 22 13.4 ± 0.5

The Fourier ring correlation resolution was also calculated with a custom routine [177]

according to Theory: 2.4 and Methods: 3.7.3. Unlike the FRC calculations described in

Chapter 4.3.1, the two datasets were generated by splitting the localisations by whether

they were detected in an odd-numbered frame or even-numbered frame.
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Fig. 5.5: Two representative examples of the NPC FRC resolution from
conventional STORM and mirror-enhanced STORM. A threshold of 1/7 (≈ 0.143) was
used. a FRC curve of the super-resolution reconstructions of the first NPC dataset, comparing
the resolutions with and without mirror-enhancement. The resolution without the mirror was
53.3 nm while the resolution with the mirror was 44.2 nm. b FRC curves comparing the
resolutions of the third NPC dataset. The resolution without mirror enhancement was 44.7 nm
while the resolution with mirror enhancement was 29.4 nm.

Table 5.3: Mean FRC resolutions of NPC STORM images acquired with and
without mirror enhancement

Mean FRC resolution without a mirror
(nm)

Mean FRC resolution with a mirror
(nm)

48.0 ± 4.0 39.7 ± 9.0

The analysis of the photophysical parameters of single-molecules from STORM imaging

(Fig. 5.2) displayed a similar pattern to that from fluorescent beads (Fig. 5.2a, 5.2b,

5.2c). Both the background and intensity were higher with mirror-enhancement than

without. The mean background for all datasets was 61 ± 12 photons without the

mirror compared to 113 ± 22 photons with the mirror (Table 5.2). The mean intensity

was 1195 ± 137 photons without the mirror compared to 3735 ± 1498 photons with

the mirror (Table 5.2). Meanwhile, the localisation precision was slightly higher when

mirror-enhancement was implemented—with a mean of 13.4 ± 0.5 nm with the mirror

compared to 15.1 ± 1.9 nm without (Table 5.2)—the exception being the third dataset

where the data without mirror-enhancement had a higher localisation precision than

with mirror-enhancement. Overall, the measurement of photophysical properties showed

that fluorescence enhancement is present in STORM imaging and is not restricted to
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widefield images.

The FRC resolution measurements also showed some evidence for the presence of the

mirror-enhancement effect. In two out of three datasets (Fig. 5.5a, Fig. 5.5b), the FRC

resolution was higher with mirror-enhancement than without. Moreover, the mean FRC

resolution (Table 5.3) of all three datasets was higher for mirror-enhanced STORM (39.7

± 9.0 nm) than without (48.0 ± 4.0 nm). Furthermore, the resolution quantification

for the first dataset showed a ∼ 9 nm difference in resolution with and without mirror-

enhancement, and so may explain why little structural difference was observed in the

qualitative assessment in Fig. 5.4 (see Discussion for more details).

Conversely, from the FRC resolution quantification, it would be expected to observe

more structural differences for the third dataset (Fig. 5.5b) given the larger difference

in resolution (∼ 15 nm).
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Fig. 5.6: Comparison of NPC structures from the third dataset between
mirror-enhanced STORM and conventional STORM. a Super-resolution reconstruction
of NPCs from conventional STORM imaging. Scale bar: 5 µm. b Super-resolution
reconstruction of NPCs from mirror-enhanced STORM imaging. Scale bar: 5 µm. c Three
representative examples of NPC structures from a (conventional STORM). Scale bar: 50 nm.
d Three representative examples of nuclear pore complexes from b (mirror-enhanced STORM).
Scale bar: 50 nm.

As predicted by the FRC resolution, some improvement in NPC structure resolution

was visible for dataset 3; the lobes of the NPCs from mirror-enhanced STORM were

more distinct compared to those from conventional STORM which appeared more as

continuous circles (Fig. 5.6d, Fig. 5.6c). Nonetheless, as also observed in the first

dataset (Fig. 5.4), the NPC structures did not appear as eight-fold symmetric rings.

This observation is likely attributed to the incomplete labelling of the NPCs—an exper-

imental limitation that has been observed in other instances of NPC STORM imaging

with Nup96-SNAP-AF647 [93].

Despite the difference in FRC resolution with and without mirror-enhancement for the

third dataset, both STORM images had similar localisation precisions—12.1 nm without

the mirror compared to 12.9 nm. Therefore, the resolution difference for this pair was

likely purely due to stochastic differences in labelling density. The mirror-enhancement

effect, however, likely still contributed to the improved resolution relative to the first

and second datasets from conventional STORM imaging, given that the measured lo-

calisation precision was slightly higher.
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5.4 Combining mirror-enhancement with denoising

As discussed in Theory: 2.4, the resolution in SMLM is limited by the localisation

precision and labelling density. Mirror-enhanced fluorescence can improve the former but

not the latter. Consequently, methods that improve labelling density can be combined

with mirror-enhanced fluorescence to increase the resolution in SMLM beyond what is

achievable from improving the localisation precision or labelling density in isolation.

To increase the number of detected molecules, a denoising algorithm, SRDTrans, was

used [81]. Details of the algorithm are described in Theory: 2.7 and a detailed character-

isation and evaluation of the algorithm is given in Chapter 7. Briefly, the algorithm is an

unsupervised transformer network which can be trained on an SMLM image sequence to

learn parameters for denoising. These parameters can then be used for inference which

entails denoising the same SMLM image sequence that the algorithm was trained with,

or other SMLM image sequences. By denoising the image sequence, the labelling density

can be improved through detection of single-molecule signals that may normally be too

weak to be detected.

Here, SRDTrans was trained on the third dataset of mirror-enhanced STORM imaging

(Fig. 5.6), as described in Methods: 3.10.1, and inference was carried out on the same

dataset. This dataset was chosen because it featured the highest FRC resolution relative

to the NPC data from conventional STORM imaging and mirror-enhanced STORM

imaging. For the denoised image sequence, single-molecule localisation was carried out

followed by FRC resolution evaluation.
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Fig. 5.7: Comparison of NPC structures from the third dataset of mirror-enhanced
STORM with and without computational denoising. a Super-resolution reconstruction
of NPCs from mirror-enhanced STORM imaging in combination without denoising using
SRDTrans. b Reconstruction of the same data in a following denoising using SRDTrans. c
Three representative NPC structures from a. The examples are the same regions of interests as
those in Fig. 5.6d. The scale bar is 50 nm. d Three representative NPC structures from b,
using the same regions of interests as c. e FRC resolution of the super-resolution image in a
compared to that in Fig.b. “Mirror n” denotes the NPC data from mirror-enhanced STORM
without denoising while “Mirror dn” denotes the denoised NPC data from mirror-enhanced
STORM. The resolution without denoising was 29.4 nm. The resolution with denoising was
21.1 nm. A threshold of 0.143 was used.

Application of the denoising algorithm resulted in a slight resolution improvement, with

a resolution of 21.1 nm compared to 29.4 nm without denoising (Fig. 5.7c). Some

small improvements in the NPC structures were also observed (Fig. 5.7b), with some
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of the lobes appearing to have higher labelling density compared to the structures with

mirror-enhancement alone (Fig. 5.6d), while still remaining distinct, as opposed to

the structures from conventional STORM which appear more as continuous rings (Fig.

5.6c). As an example, the furthest right NPC structure in Fig. 5.7b had slightly higher

density in the centre-left lobe compared to the same structure in 5.7d. However, the

structural differences were relatively slight, as reflective of the small FRC resolution

difference (Fig. 5.7c). Overall, these results demonstrate that mirror-enhanced fluo-

rescence provides a photonic platform that can be combined with other computational

methods that increase resolution.

5.5 Discussion and Conclusions

In this chapter, the use of mirror-enhanced fluorescence has been characterised for epiflu-

orescent imaging of beads, fluorescently labelled nuclei, and STORM imaging of NPCs.

The epifluorescent imaging of fluorescent beads demonstrated that mirror-coated slides

increase both the intensity and background of fluorescent beads, with the increase in

intensity having a greater impact on the localisation precision, ultimately improving the

localisation from 6.1 ± 4.5 nm with conventional epifluorescent imaging, to 4.3 ± 1.7

nm (Fig. 5.2). The widefield images of nuclei corroborated these results with a ∼ 2-fold

improvement in signal-to-noise ratios when using mirror-coated slides (Table 5.1, Fig.

5.4). Finally, mirror-enhanced STORM images of NPCs displayed some improvements

in localisation precision and FRC resolution, with increases of ∼ 1.7 nm and ∼ 9 nm,

respectively (Fig. 5.2, Fig. 5.5, Fig. 5.6). Combining mirror-enhanced fluorescence with

denoising resulted in a further resolution increase of ∼ 8 nm (Fig. 5.7).

In the comparison of mirror-enhancement between epifluorescent imaging of fluores-

cent beads and epifluorescent imaging of nuclei, as well as STORM, the recorded in-

tensities of Alexa Fluor 647 molecules were increased to a greater extent by mirror-

enhancement than those on the fluorescent beads. For example, the mean intensity

increased from 17900 ± 19170 photons without mirror-enhancement to 22940 ± 41780

photons with mirror-enhancement for bead imaging (Fig. 5.2a), whereas the mean in-

tensity increased from 1195 ± 137 photons without mirror-enhancement to 3735 ± 1498

with mirror-enhancement for STORM imaging (Table 5.2). The widefield images—
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which also used Alexa Fluor 647—showed a similar increase in signal-to-noise ratio with

mirror-enhancement (Table 5.1, Fig. 5.3). This discrepancy in the extent of fluorescence

enhancement was likely due to differences in the intrinsic quantum yields between the

fluorophores. It has been previously reported the extent of quantum yield enhancement

depends on the intrinsic quantum yield [212, 215]; fluorophores with lower intrinsic

quantum yield display greater fluorescent enhancement, as evidenced in a comparison

of Alexa Fluor 488 (quantum yield = 0.92 [217]), Alexa Fluor 532 (quantum yield =

0.61 [217]), and Alexa Fluor 647 (quantum yield = 0.33 [217]) by Heil, 2020 [215] in

which Alexa Fluor 647 displayed the greatest degree of fluorescent enhancement. While

the quantum yield of the red-emitting dye conjugated to fluorescent beads is unknown,

it is unlikely to be Alexa Fluor 647 given the differences in excitation and emission

maxima—λEX = 660 nm and λEM = 680 nm for the beads [218] while λEX = 650 nm

and λEM = 655 nm for Alexa Fluor 647 [91]. Thus, it is possible that differences in

quantum yield was responsible for the difference in fluorescent enhancement between

bead imaging and STORM imaging.

There were several differences in the mirror-enhanced STORM results presented in this

chapter compared to the implementation of mirror-enhanced STORM by Heil et al.

2018 [40]. First, Heil et al. 2018 observed lower background fluorescence with mirror-

enhanced STORM relative to conventional STORM, contrasting the results in this chap-

ter where higher background was observed with mirror-enhanced STORM (Fig. 5.2).

This discrepancy may be explained by the difference in excitation intensities in the com-

parisons of imaging modalities. For the implementation of mirror-enhanced STORM by

Heil et al. 2018, the excitation power was lowered to 50% (≈ 5 kW/cm2) while for

conventional STORM, the excitation power was 100% (≈ 10 kW/cm2) [215]. In com-

parison, the same excitation power (60% ≈ 2.4 kW/cm2) was used for conventional

STORM and mirror-enhanced STORM in this work. Since higher excitation intensities

increase background fluorescence [219], it is likely that the differences in background

fluorescence between conventional and mirror-enhanced STORM can be attributed to

this difference in excitation power.

Another notable difference was the higher localisation precisions recorded by Heil et

al. 2018 for both conventional STORM and mirror-enhanced STORM; therein, mean
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localisation precisions of ∼ 9 nm were recorded for STORM with epifluorescent illumi-

nation, ∼ 8.5 nm for STORM with total internal reflection fluorescence (TIRF), and ∼

7.5 nm for mirror-enhanced STORM [215]. This inconsistency can likely be explained

by the higher excitation power and the differing emission filters in the imaging paths

of the microscopes. As previously mentioned, the excitation power was higher in the

original implementation of mirror-enhanced STORM (∼ 5 kW/cm2 compared to ∼ 2.4

kW/cm2). Because higher localisation precisions are correlated with higher excitation

intensities [219], the disagreement in localisation precision may be partly explained by

differing excitation intensities. In addition, the emission filter used by Heil et al. 2018

was a Chroma ET700/75m. This filter has a 66.8% collection efficiency ([220, 221])

for Alexa Fluor 647 compared to the Chroma ET690/50m emission filter used in the

ROCS microscope (Methods: 3.1) which has a 55.8% collection efficiency ([220, 222])

for the same dye, resulting in a ∼ 20% higher collection efficiency in the original imple-

mentation of mirror-enhanced STORM. Therefore, it is likely that the combination of

higher excitation intensity and higher collection efficiency contribute to the discrepancy

in localisation precisions between this work and that of Heil et al. 2018. It is notable,

however, that despite the lower localisation precisions in this chapter, the increase in

mean localisation precision from mirror-enhanced fluorescence presented in this chapter

(Fig. 5.2) was comparable to that in the original implementation (1.7 nm increase in

this work, ∼ 1.5 nm increase in Heil et al. 2018), demonstrating that the impact of

mirror-enhancement was similar for both studies.

Despite the higher localisation precisions in the original implementation, the FRC res-

olutions in the original implementation (57 nm for epifluorescence, 49 nm for TIRF)

were lower than the resolutions from conventional STORM imaging (48 ± 4.6 nm, Fig.

5.5). Meanwhile, the FRC resolution for mirror-enhanced STORM (37 nm) was higher

than datasets 1 and 2 in this work (44.2 nm and 45.6 nm, respectively) but lower than

dataset 3 (29.4 nm). The lower resolution from conventional STORM reported by Heil

et al. 2018 was likely due to the immunolabelling of NPCs with primary and secondary

antibodies which can add up to 15 nm of linkage error [223, 224]. In contrast, the

smaller size of the SNAP-tag used in this chapter adds negligible linkage error [18]. The

detrimental effect of linkage error is exemplified in Chapter 7, wherein FRC resolutions
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of 41.7 nm and 39.7 nm are presented for NPC structures acquired with conventional

STORM (Chapter 7: Fig. 7.6a, Fig. 7.6b). Both values are comparable to the FRC

resolution of 37 nm from mirror-enhanced STORM presented in Heil et al. 2018, thus

highlighting that further resolution improvement is possible with careful selection of the

fluorescent labelling method, and that the higher localisation precisions in the original

implementation likely had little impact on the discrepancy in FRC resolutions.

Nevertheless, the FRC resolution from mirror-enhanced STORM implemented by Heil

et al. 2018 was still higher than two out of three datasets in this chapter, even with

higher linkage error. Given the similarity in the increases in localisation precision from

mirror-enhancement, and the lower resolutions in conventional STORM, the discrepancy

in FRC resolutions is unlikely due to differences in the degree of mirror-enhancement,

or to the higher localisation precisions. Rather, a potential explanation may be the

difference in sample preparation methodologies between this chapter and the original

implementation. For the benchmarking of mirror-enhanced STORM in Heil et al. 2018,

nuclear envelopes were isolated from Xenopus laevis oocytes and attached to cover-

slips as described in refs. [225, 226]. This extraction method was used to ensure that

NPCs were situated at ∼ 50 nm from the reflective surface, maximising fluorescence

enhancement. In contrast, the NPCs in this chapter were labelled in whole cells that

had been fixed and permeabilised. Therefore, the distance between NPCs and the re-

flective surface—and thus, the extent of fluorescence enhancement—was unknown. As

such, it is possible that greater fluorescence enhancement was achieved by Heil et al.

2018, resulting in higher FRC resolutions.

A higher labelling efficiency may also be achievable with purified nuclear envelopes

compared to labelling via fixation and permeabilisation (Methods: 3.4.5). Considering

that NPCs are situated on the nuclear envelope [99], a fluorescent label would be hy-

pothesised to have more direct access to its binding target when using purified nuclear

envelopes, whereas labelling NPCs in whole cells would require the fluorescent label to

diffuse through channels in the plasma membrane that are formed through permeabili-

sation. Given that the labelling efficiency of Nup96-SNAP-AF647 has been previously

characterised to be 58% [93], it would, therefore, be beneficial to evaluate and compare

the labelling efficiency of NPCs from purified nuclear envelopes to assess whether the
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difference in labelling contributed to the difference in FRC resolutions. Any comparative

analysis of the NPC FRC resolutions, however, is ultimately limited by the lack of ex-

perimental repeats in the FRC measurements from Heil et al 2018. More experimental

evidence would be required for a more rigorous assessment of the effects of linkage error

and labelling method on the FRC resolution of mirror-enhanced STORM.

Finally, the mirror-enhanced STORM imaging presented in this chapter could be im-

proved substantially if the degree of fluorescent enhancement were characterised. As

previously mentioned, the distance between the NPCs and the reflective surface was

unknown. Previous literature and Eq. 5.1 have established how the modulation of flu-

orescence lifetime and fluorescent enhancement depends on this distance [35, 36]. Such

considerations were circumvented in Heil et al. 2018 by using purified nuclear envelopes,

purified microtubules, and membrane proteins, all of which would be situated at dis-

tances that maximise fluorescence enhancement once attached to a coverslip. However,

the use of purified organelles is uncommon in SMLM, meaning that the challenges of

imaging intracellular structures in whole cells using mirror-enhanced fluorescence have

not been adequately addressed. Instead, the approach described in ref. [38] could be

used, wherein fluorescence lifetimes were measured with varying thicknesses of the di-

electric coating, meaning that fluorescent lifetime measurements of the sample can be

used as a read-out for the distance between the fluorophore and reflective layer. This

method could allow for better tunability of the mirror-fluorophore distance during image

acquisition, thereby maximising the benefits of fluorescence enhancement.

5.5.1 Conclusions

Taken together, the characterisation and application of mirror-enhanced STORM in this

chapter—despite differences in the mirror slide dimensions, background fluorescence, and

localisation precisions—showed a similar overall outcome to the original work, with the

advantage of imaging of whole cells, as well as improvements in the localisation precisions

and FRC resolutions of NPCs that can be attributed to the presence of a reflective layer.

Mirror-enhanced STORM was also successfully combined with computational denoising,

thus incorporating the resolution improvements of both technologies. The results in this

chapter, therefore, demonstrate that using reflective surfaces in STORM is a feasible
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and reproducible photonic technology with which to increase the resolution of SMLM

beyond that achievable with conventional imaging.
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6 Comparing Approaches to Fluorescent Labelling

of Intracellular Proteins Using Nanobodies

6.1 Overview

Fluorescent labelling with nanobodies overcomes many of the disadvantages associated

with other fluorescent labelling methods commonly used in STORM and SMLM (In-

troduction: 1.2.2); nanobodies (single-domain antibodies) allow endogenous proteins

to be labelled—unlike using fluorescent proteins—and they circumvent the large link-

age error associated with using antibodies for fluorescent labelling, thereby increasing

the localisation accuracy. However, fluorescent labelling with nanobodies is a less ma-

ture technology compared to labelling with antibodies, and so best practices are not as

well-established, limiting their wider usage. To address these limitations, evaluations

of live-cell labelling methods using nanobodies for STORM are presented in this chap-

ter. Comparisons of labelling with nanobodies that differ in the location of the reactive

cysteine residue used for dye conjugation are also presented.

The anti-vimentin nanobodies, VB3 and VB6, were chosen for the comparison of live-cell

labelling methods. Previous literature had described their use for fluorescent labelling

for diffraction-limited microscopy [105], as well as validated their binding to vimentin

using western blotting and biolayer interferometry. Prior to the results presented in

this chapter, the DNA sequences encoding VB3 and VB6 had been cloned into pOPINE

plasmids containing the sequence for the SNAP-tag (Methods: 3.3). These plasmids

were used for mammalian cell transfection (Methods: 3.4.3), thereby inducing endoge-

nous expression of VB3-SNAP and VB6-SNAP and allowing for fluorescent labelling of

the SNAP-tag. The same sequences were also cloned into pOPINVHH plasmids by Dr.

Siva Ramadurai (The Rosalind Franklin Institute) for protein expression and purifica-

tion (Methods: 3.3.4, Methods: 3.3.5). The pOPINVHH plasmids had been engineered

such that the nanobody contained an extra cysteine residue and a polyhistidine tag

at the C-terminus, thereby allowing for dye conjugation and affinity chromatography,
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respectively.

To compare fluorescent labelling of nanobodies with different locations of their reactive

cysteine residues, an anti-GFP nanobody was used to label U2OS cells stably expressing

Nup96-GFP. Prior to this chapter, the anti-GFP nanobody was cloned into a pOPIN-

VHH plasmid by Dr. Siva Ramadurai for protein expression, protein purification, and

dye conjugation as described above.

While there is literature that describes the use of nanobodies for STORM [59, 61,

63, 107], there is little information aimed at comparing and evaluating different la-

belling methodologies. As such, the aim of this chapter is to compare the outcomes

of STORM imaging of nanobody-labelled vimentin with different fluorescent labelling

methods, as well as the outcomes of STORM imaging using different mutants of the

anti-GFP nanobody. By performing this comparison, it is hoped that the results will

inform on best practices for the development of nanobody labelling protocols.

6.2 STORM imaging of vimentin using purified nanobodies

To compare different labelling methods, the outcome of STORM imaging using con-

ventional cell fixation, permeabilisation, and immunolabelling with nanobodies was as-

sessed. Here, vimentin in HeLa cells was labelled with purified VB3-Alexa Fluor 647

according to Methods: 3.4.8. STORM imaging was carried out using the ROCS micro-

scope from Chapter 4 as described in Methods: 3.6.1. Single-molecule localisation was

carried out as in Theory: 2.3 and Methods: 3.7.1, and a qualitative assessment of the

super-resolution image was carried out.
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Fig. 6.1: STORM imaging of vimentin in HeLa cells labelled with anti-vimentin
nanobodies conjugated to AF647 using conventional cell fixation and
permeabilisation. Widefield image scale bars: 10 µm. STORM reconstruction scale bars: 5
µm. a–b Widefield image (a) and STORM reconstruction b following imaging of vimentin
labelled with VB3-AF647. c–d Widefield image (c) and reconstruction (d) with vimentin
labelled with VB3-AF647 at twice the concentration of a and b. e–f Widefield image e and
reconstruction f of vimentin labelled with a different anti-vimentin nanobody, VB6, conjugated
to AF647.

Unexpectedly, vimentin filaments could not be visualised from either the widefield im-

age (Fig. 6.1a) or the STORM reconstruction (Fig. 6.1b). Such an outcome was
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not observed in previous literature describing STORM imaging of vimentin [107, 227],

indicating that some optimisation of the labelling protocol was required. Given the

inability to visualise vimentin filaments in the STORM reconstructions, quantitative

analyses using the FRC resolution were not carried out as in previous chapters.

To improve the labelling, the concentration of VB3-AF647 was doubled from 1:200 to

1:100. Since the labelling density in the super-resolution image in Fig. 6.1b appeared

sparse, it may have been possible that the nanobody concentration was too low to

achieve a sufficient labelling density to visualise vimentin.

Again, the expected filamentous structures of vimentin were not observed following

nanobody labelling (Fig. 6.1c, Fig. 6.1d), despite using a higher concentration, sug-

gesting that VB3 may not have been binding to vimentin, or that the structure of

vimentin was disrupted by the fixation and permeabilisation protocol. Different modifi-

cations to the labelling protocol, such as a higher concentration of bovine serum albumin

for blocking and a lower concentration of Triton-X100 for permeabilisation, were made.

However, there was little change in the experimental outcome (not shown), with all

STORM reconstructions resembling those in Fig. 6.1b and Fig. 6.1d.

To assess whether the binding of VB3 to vimentin was contributing to the poor labelling,

the labelling procedure (Methods: 3.4.8) was repeated with VB6 conjugated to Alexa

Fluor 647 (VB6-AF647). If improved labelling is observed, it can be inferred that VB3

had insufficient binding affinity for vimentin and the fixation and permeabilisation does

not contribute to the outcomes in Figs. 6.1b and 6.1d.

Both the outcome from widefield imaging and STORM imaging were similar to that

with VB3 (Fig. 6.1e, Fig. 6.1f). Therefore, it was likely that either both nanobodies

do not exhibit sufficient binding to vimentin or that fixation and permeabilisation was

affecting the ability of the nanobodies to label vimentin.
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6.3 STORM imaging of vimentin labelled in live cells with

nanobody-SNAP fusion proteins

The potential detrimental impact of cell fixation and permeabilisation was assessed by

using live-cell labelling methods. The first method to be tested involved transfection of

HeLa cells using a pOPINE plasmid encoding VB3 or VB6 fused to a SNAP-tag. Here,

cells would endogenously express VB3-SNAP or VB6-SNAP, allowing labelling of the

SNAP-tag using the same method as that used for nuclear pore complexes (Methods:

3.4.5) but with a lower Triton-X100 concentration of 0.1%. While this method does in-

volve fixation and permeabilisation, these steps occur after nanobody-vimentin binding,

reducing the risk of disrupting the epitopes to which the nanobodies bind.
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Fig. 6.2: STORM imaging of vimentin following transfection with VB3-SNAP or
VB6-SNAP and fluorescent labelling with AF647. Scale bars: 10 µm for widefield
images, 5 µm for STORM reconstructions. a–b Widefield image (a) and STORM
reconstruction b of a HeLa cell following transfection with VB3-SNAP and labelling with
AF647. c–d Widefield image (c) and reconstruction (d) of a cell following transfection with
VB6-SNAP and labelling with AF647. e–f Widefield image e and reconstruction f following
transfection with VB6-SNAP and labelling with an AF647 concentration lowered from 1 µM to
0.4 µM.

With the VB3-SNAP variant, little improvement was visible. No filaments were visible

in either the widefield image (Fig. 6.2a) or the STORM reconstruction (Fig. 6.2b),

and the fluorophores are scattered throughout the inside of the cell. In contrast, some
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improvement was observed from VB6-SNAP. Vimentin filaments were visible in the

widefield image (Fig. 6.2c) and traces of the filaments were visible in the STORM

reconstruction (Fig. 6.2d). However, there was high background noise in the STORM

reconstruction, thereby degrading the super-resolution image quality. The filaments

also exhibited discontinuities which may be indicative of artifacts induced by fixation

and permeabilisation [98], or insufficient labelling density. Nevertheless, since the VB6

nanobody displayed more promising results, subsequent evaluations of STORM imaging

outcomes were focused on the VB6 nanobody.

To reduce background noise, the labelling procedure was repeated with VB6-SNAP using

a lower fluorophore concentration of 0.4 µM (original concentration: 1 µM). However,

even with a lower fluorophore concentration, there was little difference in the outcome of

STORM imaging. While the filaments were visible in the widefield image (Fig. 6.2e), the

background noise from unspecifically bound fluorophores was still high in the STORM

reconstruction (Fig. 6.2f), and so varying the fluorophore concentration was unlikely to

impact the imaging outcome.

6.4 STORM imaging of vimentin labelled in live cells with

streptolysin-O

The results thus far have demonstrated that fluorescent labelling in live cells followed

by fixation and permeabilisation better preserve the structure of vimentin compared to

methods involving fixation and permeabilisation prior to labelling. It was, therefore, hy-

pothesised that nanobody labelling using streptolysin-O (SLO) would improve labelling

efficiency. SLO is a pore-forming protein from Streptococcus pyogenes that can be used

to deliver nanobodies into live cells (Methods: 3.4.7). This technique is less disruptive

to cells compared to fixation and permeabilisation since the stretolysin-O can be washed

off, allowing the plasma membrane to reseal. While cell fixation was still necessary for

STORM imaging, permeabilisation was avoided by using SLO for labelling.

Prior work to determine the optimal SLO concentration and cell confluency for nanobody

labelling with SLO had been carried out by Dr. Siva Ramadurai. From this, confocal

microscopy images of vimentin labelled with VB6-AF647 (Fig. 6.3a) had been acquired
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(SP8 Lightning confocal microscope, Leica Microsystems Ltd.), demonstrating the feasi-

bility of using SLO for vimentin labelling. The SLO labelling method was then repeated

for STORM. The cell line was also changed to U2OS cells from HeLa cells since it was

reasoned that the flatter shape of U2OS cells may reduce the background noise present

above and below the focal plane.

Fig. 6.3: STORM imaging of vimentin following VB6-AF647 labelling using
Streptolysin-O. a Confocal image of live HeLa cells following VB6-AF647 delivery using
SLO. The image was acquired by Dr. Siva Ramadurai (The Rosalind Franklin Institute) using
a SP8 Lightning confocal microscope (Leica Microsystems Ltd.) and is reused with permission.
Scale bar: 5 µm. b Widefield image of fixed U2OS cells using the same labelling method as a.
Scale bar: 10 µm. c Super-resolution reconstruction following STORM of the image in b.

Intact vimentin filaments were visible in both the widefield image and the confocal image

(Fig. 6.3a, Fig. 6.3b), supporting the observation that fixation and permeabilisation

were detrimental to nanobody labelling. While the confocal image appeared sharper,

this difference can likely be attributed to the increased contrast from the optical section-

ing capability of a confocal microscope—a feature that is not present in epifluorescent

imaging. Despite vimentin being visible in the diffraction-limited images, the super-

resolution image from STORM (Fig. 6.3c) still displayed similar problems to previous

results; the outline of the filaments was visible but lacked continuity, and visualisation of
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the filaments was obfuscated by background noise from unspecifically bound nanobod-

ies. Again, it is possible that the fixation procedure was disrupting the structure of

vimentin, or the labelling density was too low.

6.5 STORM imaging of vimentin with mutated nanobodies

From the super-resolution images of vimentin labelled using VB6-SNAP and VB6-AF647

with SLO (Fig. 5.4d, Fig. 5.5c), the noise from unspecifically bound nanobodies was

high and the filaments exhibited poor continuity. Thus, it was hypothesised that the

labelling density from labelling vimentin with VB6 was too low to achieve high resolution

STORM images.

To increase nanobody labelling density, it was reasoned that changing the location of

the active cysteine residue used for conjugation to the maleimide derivative of AF647

may be beneficial. Using a different residue for dye conjugation may result in improved

presentation of the dye in relation to the interaction between the nanobody and vimentin.

In other words, certain mutations might result in the dye being enclosed within the core

of the nanobody, worsening photoswitching, while other mutations might result in the

dye being more solvent-exposed, allowing for better photoswitching. Using mutagenesis

to alter nanobody binding outcomes has been utilised previously by Pleiner et al. 2015

for anti-nucleoporin nanobodies where particular mutants improved the signal-to-noise

ratio in confocal imaging. Following a similar approach, two mutants each of VB3 and

VB6 were generated. One mutant has a reactive cysteine at the N-terminus (termed

NtCys) while the other has the 7th position serine mutated into a cysteine residue

(S7C). The VB3 and VB6 constructs used thus far have a reactive cysteine residue at

the C-terminus (termed CtCys)

Here, the different nanobody mutants were generated by PCR with primers that encoded

the relevant mutation. The PCR products were then ligated into the pOPINVHH vec-

tor, expressed in E. coli, and purified as previously described (Methods: 3.3, Methods:

3.3.4, Methods: 3.3.5). Following conjugation to AF647, VB3-AF647 was used to label

vimentin in live U2OS cells using SLO. The cells were then fixed and imaged using a

ZEISS Elyra PS.1 Microscope (Methods: 3.6.3). While most previous results have fo-
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cused on VB6, mutating VB6 resulted in precipitation during protein purification, and

so VB3 was used instead.

Fig. 6.4: STORM imaging of vimentin with different VB3 mutants. Scale bars: 10
µm for a and b, 5 µm for c and d. a Widefield image of a U2OS cell labelled with VB3-NtCys.
b Widefield image of a U2OS cell labelled with VB3-S7C. c Super-resolution reconstruction
following STORM of the image in a. d Super-resolution reconstructions following STORM of
the image in b.

Vimentin filaments were not observed when cells were labelled with the VB3-NtCys

mutant (Fig. 6.4a, Fig. 6.4c) but showed improved resolution on labelling with the

VB3-S7C mutant (Fig. 6.4b, Fig. 6.4d). Notably, the STORM reconstruction in Fig.

6.4d from VB3-S7C labelling displayed the highest image quality out of the different

labelling methods presented, with vimentin filaments clearly visible. These results,

therefore, demonstrate that nanobody labelling density can be improved by altering the

location of the active cysteine residue. Live-cell labelling methods were also shown to

preserve native structures better with stark differences in imaging outcomes compared

to traditional cell fixation and permeabilisation.
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6.6 STORM imaging of NPCs with nanobody mutants

To investigate further STORM imaging outcomes with different nanobody mutants,

STORM imaging of U2OS cells stably expressing Nup96-GFP was carried out. Here,

two anti-GFP nanobodies with different mutations were used: one with an additional

cysteine residue introduced at the N-terminus (NtCys) and the other with an additional

cysteine residue introduced at the C-terminus (CtCys). These cysteine residues were

then used for conjugation to a maleimide derivative of Alexa Fluor 647. Neither of these

mutations in anti-vimentin nanobodies had resulted in successful labelling of vimentin.

The cells were labelled with nanobody-dye conjugates according to Methods: 3.4.6 and

STORM was carried out as previously.

Fig. 6.5: STORM imaging of U2OS cells stably expressing Nup96-GFP with
different anti-GFP nanobody mutants conjugated to AF647. Scale bars: 10 µm for a
and b, 5 µm for c and d. a Widefield image of a nucleus in U2OS cells following labelling with
the NtCys-anti-GFP nanobody. b Widefield image of a nucleus in U2OS cells following
labelling with CtCys-anti-GFP nanobody. The grayscale range of the image has been adjusted
such that it was identical to a. c Super-resolution reconstruction following STORM of the
image in a. d Super-resolution reconstruction of the image in b.

From the widefield images of Nup96-GFP labelled with different anti-GFP nanobody

mutants (Fig. 6.5a, Fig. 6.5b), higher contrast was observed for the anti-GFP nanobody

that had a C-terminal reactive cysteine. However, neither mutant displayed resolvable

NPC ring structures (Fig. 6.5c, Fig. 6.5d) as observed in Chapter 4 and Chapter 5,

144



suggesting that the nanobody mutants did not have sufficient affinity to achieve the

labelling densities required for STORM, or that the ability of the dye to photoswitch

was inadequate.

Despite attempts to improve the labelling density, such as by using higher nanobody

concentrations, the outcome of STORM imaging did not change from that presented in

Fig. 6.5. As such, an alternative approach to examine differences in labelling between

the mutants was adopted. Here, photoswitching parameters were investigated from

the STORM image sequences, namely the duty cycle (Theory: Eq. 2.3), photoswitching

time, number of photoswitching cycles, photons per photoswitching cycle, and total pho-

tons. Single-molecules from the first 10000 frames (∼ 300 s) that exceeded an intensity

threshold were selected for analysis (Methods: 3.8.1). In total, three image sequences

each of the NtCys mutant, CtCys mutant, and a positive control were analysed. The

positive control was U2OS cells stably expressing Nup96-SNAP that had been labelled

with Alexa Fluor 647 and had visible NPC structures following STORM (these data are

the same as those presented in Chapter 7, Fig. 7.7).

Similar to the analyses in Chapter 5 and Table 5.2, the weighted means of each photo-

switching parameter are tabulated below:

Table 6.1: Weighted means for each experimental repeat and for all photoswitching
parameters of different anti-GFP nanobodies. The weighted means and weighted
standard deviations were calculated using Eq. 5.3 and Eq. 5.4, respectively.

Mutant Weighted
mean duty
cycle

Weighted
mean
photo-
switching
time (s)

Weighted
mean
number of
cycles

Weighted
mean
photons
per cycle

Weighted
mean total
photons

NtCys 0.00049 ±
0.00015

222 ± 65 9 ± 3 5810 ±
653

60197 ±
22450

CtCys 0.00044 ±
0.00003

516 ± 157 11 ± 0 4835 ±
197

59375 ±
188

Control 0.00077 ±
0.00023

444 ± 239 17 ± 3 6905 ±
131

123582 ±
25331

From this analysis, the single-molecules in the control image sequence had, on average,

a higher number of cycles, more photons per cycle, and more emitted photons (Table

6.1). The number of photons is critical to ensuring that single-molecules are localised

accurately. Therefore, it was likely that placing the reactive cysteine residue at either the
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N-terminus or C-terminus had a negative effect on the ability of the dye to photoswitch

and thus, on its ability to be localised accurately. The binding affinities between these

two nanobodies and Nup96-GFP may also be worse than that between Nup96-SNAP

and the dye, decreasing the labelling density and resolution of NPCs.

6.7 Discussion and conclusions

In this chapter, the outcomes of STORM with different fluorescent labelling methods

using nanobodies have been presented. The outcomes of STORM using nanobodies

that differ in the location of the dye-reactive cysteine residue have also been presented.

From labelling vimentin with VB3 and VB6, classic cell fixation and permeabilisation

did not yield the expected filamentous structure in either widefield images or super-

resolution STORM reconstructions (Fig. 6.1). Live-cell labelling via transfection with

VB6-SNAP or via delivery of nanobodies using SLO offered minor improvements in

visualising vimentin, with filamentous structures visible in widefield images but not in

STORM images (Fig. 6.2, Fig. 6.3). Finally, fluorescent labelling combining SLO

delivery with the VB3 mutant, S7C, resulted in clear visualisation of vimentin filaments

in widefield images and STORM (Fig. 6.3).

From labelling Nup96-GFP with anti-GFP nanobodies, it was observed that nanobodies

containing an extra N-terminal dye-reactive cysteine or extra C-terminal dye-reactive

cysteine did not produce the expected ring structures of NPCs from STORM (Fig. 6.5).

Furthermore, the measured photoswitching parameters were worse than those obtained

from fluorescent labelling with Nup96-SNAP and SNAP-reactable AF647 (Table 6.1).

The observation that carrying out fluorescent labelling prior to fixation and permeabil-

isation improves visualisation of vimentin corroborates results from previous literature

that highlight the detrimental effects of fixation on cellular morphology and nanostruc-

ture [228–230]. However, all imaging work in this chapter, nevertheless, used fixed cells

due to the ROCS microscope lacking live-cell imaging capability. The scope of this

chapter could, therefore, be expanded through installation of a stage top incubator for

the ROCS microscope and assessing whether the same outcomes could be observed in

live cells. Such a modification may negate some of the advantages in stability conferred
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by the ROCS microscope—due to the instability of sample stages—but would allow for

a more accurate assessment of labelling outcomes. An additional challenge would be the

compatibility of AF647 with live-cell STORM. The reducing environment in a cell may

not be conducive to optimal photoswitching, and so different dyes—potentially those

that spontaneously blink [231–233]—may be necessary for an accurate assessment of

labelling outcomes in live cells.

The scope of this chapter could also be further expanded by assessing photoswitching

and STORM outcomes with different nanobody mutants and with more fluorophores.

Recent literature has indicated that nanobodies conjugated to AF647 display worse pho-

toswitching behaviour [234]—an observation corroborated by the results in Table 6.1. In

contrast, the same study indicated that conjugating nanobodies to Janelia Fluor 635b

restored adequate photoswitching for high-resolution STORM. Thus, it would be of in-

terest to the wider SMLM community to investigate the photoswitching of nanobodies

that are conjugated to different dyes commonly used for STORM by repeating the ex-

perimental approach used to generate the results in Table 6.1 (Methods: 3.8.1). It would

also be of interest to examine the degree by which photoswitching can be modulated

by altering the location of the dye-reactive amino acid residue using the same experi-

mental approach. Finally, the biochemical mechanisms for the worsened photoswitching

of nanobodies conjugated to Alexa Fluor 647 remain unclear. Further interrogation of

this would likely entail measurements of binding affinities, investigation of resistance

to the reducing conditions of the STORM buffer, and potentially structural studies of

nanobodies bound to their epitopes. Overall, the information gained by expanding this

aspect of the work would provide useful guidance to laboratories aiming to develop

fluorescent labelling methods using nanobodies for both research and biotechnological

applications.

The evaluation of STORM imaging of vimentin and Nup96-GFP may have benefitted

from prior assessment of binding affinity using biophysical techniques such as biolayer

interferometry [235]. While differences in the appearance of vimentin filaments were

visible from using different labelling methodologies (Fig. 6.1, Fig. 6.2, Fig. 6.3), it was

challenging to assess the degree to which these observations may have been attributable

to differences in binding affinities. In particular, assessing the affinities of nanobodies
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that differ in the location of the dye-reactive cysteine residue may give biochemical

insights into the variation in photoswitching performance and the variation in labelling

density. For example, if nanobodies with different mutations exhibited the same affinity,

it may be possible that the dye is poorly exposed to the reducing agent in the buffer and,

thus, does not photoswitch adequately. In contrast, if varying affinities are observed, it

may be possible that the dye interferes with nanobody-epitope binding.

6.7.1 Conclusions

Overall, the assessment of using nanobodies for classic cell fixation and permeabilisa-

tion, and for live-cell labelling revealed that fixation and permeabilisation disrupted the

structure of biological targets, thus rendering them unobservable. In contrast, live-cell

labelling displayed much improved preservation of the biological sample. Additionally,

it was revealed that altering the location of the dye-reactive amino acid residue could

afect the outcome of STORM, as well as the photoswitching behaviour of the conjugated

dye. These results provide guidance to those seeking to optimise the usage of nanobod-

ies to label biological structures for STORM—information which is lacking in current

literature—and also provide a starting point for more detailed biochemical investiga-

tions into mechanisms that would explain the worsened photoswitching for particular

mutants or dyes.
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7 Evaluating Denoising in SMLM

7.1 Overview

The signal-to-noise ratio (SNR) in SMLM is critical to the reliability and accuracy of

localising single-molecules—the process from which a super-resolution image is recon-

structed and biological information is extracted. Problems with SNR are exacerbated in

imaging modalities that necessitate lower excitation intensities or use fluorophores with

lower photon counts, such as live-cell imaging or PALM with fluorescent proteins. While

SNR can be improved by modifying experimental protocols, it is often challenging to

know a priori the experimental parameters that will produce the optimal SNR. Denois-

ing algorithms are, therefore, an attractive solution to improve SNR and localisation

accuracy without time-consuming modifications to experimental protocols.

To avoid confusion with measures of SNR commonly used in image processing, the

term “SNR” is not used henceforth in this work for assessments of super-resolution im-

ages. Because super-resolution images are formed from the pointillistic accumulation of

fluorophore positions, their characteristics differ from diffraction-limited images which

record the intensity of fluorescent signals. As such, traditional SNR metrics developed

for diffraction-limited images are avoided. Instead, for qualitative assessments, the visi-

bility of structural features is used to assess the effects of denoising on super-resolution

image quality. The image quality is deemed sufficient when structural features are not

obfuscated by noise. “Noise”, in turn, is defined as any image feature that obfuscates

visualisation of the sample structure, including autofluorescence, unspecifically bound

fluorophores, background fluorescence, shot noise, EMCCD amplification noise, and read

noise [65, 67, 98, 236, 237]. For quantitative assessments, metrics developed specifically

for SMLM, such as the Fourier Ring correlation (Theory: 2.4), are used.

Deep learning methods are a promising approach to tackle denoising since they, in

theory, should be able to learn the characteristics of noise in an image without prior

assumptions. SRDTrans is one of few deep learning denoising methods that have been
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described for SMLM [81]. However, as described in Introduction: 1.2.3, the broader

applicability of this algorithm is limited by its lack of evaluation on different biological

samples—particularly where the sample structure is unknown a priori—and by its lack

of evaluation on common types of noise in SMLM. Further, the ability of the algorithm

to generalise to different microscopes, which is a key feature of deep learning, was

uncharacterised.

In this chapter the results of a systematic characterisation and evaluation of the denois-

ing capability of SRDTrans (previously used for denoising in Chapter 5) are presented.

Three different biological samples were used to investigate the generalisability to dif-

ferent structures, namely microtubules (Introduction: 1.4.1), nuclear pore complexes

(NPCs, Introduction: 1.4.2), and the ACE-2 receptor (Introduction: 1.4.4), represent-

ing a stereotypic 1D structure, a stereotypic 2D structure, and an unstructured sample,

respectively. Generalisability across the different samples, different types of noise, and

different microscopes was investigated, as well as the effect of denoising on the estimated

photophysical parameters of single molecules. Finally, further applications to address

some of the limitations of the algorithm are presented.

7.2 Evaluating model training methods

An important consideration in deep learning is the extent of sample space covered by

the training data [84]. Biases in the selection of training data can introduce artefacts

and skew experimental outcomes during inference. As such, establishing best practices

for model training is critical to the effectiveness of a deep learning model.

Given that only microtubules were used to train SRDTrans in its original implementa-

tion [81], the best practices for model training using other biological samples were not

obvious. Therefore, different denoising parameters were obtained by training SRDTrans

on different datasets (Methods: 3.10.1); here, the datasets included a publicly available

SMLM image sequence of microtubules acquired originally by the developers of SRD-

Trans [238], a synthetic SMLM image sequence generated using ThunderSTORM, and

an image sequence of microtubules acquired with the ROCS microscope. Model infer-

ence was carried out on a STORM image sequence of microtubules immunolabelled with
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Alexa Fluor 647 that had been acquired with the ROCS microscope (Methods: 3.4.4,

3.6.1), producing a denoised image sequence. The first frame—which was reprensenta-

tive of subsequent frames—of this denoised image sequence was used to assess for image

artefacts that would have resulted from denoising.

Fig. 7.1: Assessing the presence of image artefacts from denoising microtubule
SMLM data using SRDTrans trained with different datasets. The scale bars are 5 µm
in all images. A STORM image sequence of microtubules immunolabelled with Alexa Fluor
647 was used for evaluation. a First frame of the original STORM image sequence, i.e. without
denoising. b First frame of the denoised STORM image sequence in which the denoising
parameters were obtained by training SRDTrans on an image sequence of microtubules made
publicly available by Li et al. 2023. c First frame of the denoised STORM image sequence
where the denoising parameters were from training SRDTrans on a synthetic SMLM image
sequence. d First frame of denoised data wherein model inference was carried out on the same
image sequence with which SRDTrans was trained.

Obvious checkerboard artefacts were visible when using the microtubule data provided

by Li et al. 2023 for training (Fig. 7.1b). Such artefacts are well-documented for decon-

volution operations that are common in neural networks and vision transformers [239],

typically arising from uneven overlap of the areas from which successive deconvolutions

are carried out. The same artefacts were visible, albeit less apparent, when using denois-
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ing parameters trained with synthetic SMLM data (Fig. 7.1c). Both examples imply

that neither the SMLM data from Li et al. 2023 nor synthetic data capture accurately

the noise in the images acquired by the ROCS microscope. In contrast, training SRD-

Trans on the microtubule STORM image sequence acquired with the ROCS microscope

and carrying out model inference on the same dataset produced an artefact-free image

sequence (Fig. 7.1d).

To investigate further best practices for model training, the denoising parameters ob-

tained by training on a STORM image sequence of microtubules acquired with the ROCS

microscope were used for inference on NPCs in U2OS cells labelled with Alexa Fluor 647

and ACE-2 receptor in Calu-3 cells labelled with ATTO 488. The NPCs were labelled

as described in Methods: 3.4.5. The ACE-2-SNAP fusion protein was introduced into

Calu-3 cells via transfection using a pOPINE plasmid (Methods: 3.4.3) and was labelled

with ATTO 488 according to Methods: 3.4.9. For denoising ACE-2-SNAP-ATTO 488,

the model trained from microtubule data was also compared to a model trained on an

image sequence of ACE-2-SNAP-ATTO 488.
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Fig. 7.2: Assessing for image artefacts from denoising NPC SMLM data and
ACE-2 SMLM data using SRDTrans. The scale bars are 5 µm in all images. The ACE-2
receptors are labelled with ATTO488 while the NPCs are labelled with AF647. a First frame
of the ACE-2 image sequence without denoising. b First frame of the denoised ACE-2 image
sequence using STORM image sequence of microtubules to train SRDTrans. c First frame of
the denoised ACE-2 image sequence where an ACE-2 STORM image sequence was used for
training. This image and the images in a and b have been adjusted to have the same grayscale
range. d First frame of the NPC image sequence without denoising. e First frame of the
denoised NPC image sequence using a microtubule STORM image sequence for training. This
image and the image in d have been adjusted to have the same grayscale range.

From the first frame of the ACE-2 image sequence (Fig. 7.2b), despite using a different

biological sample for training, denoising using a model trained on the microtubule image

sequence did not produce the artefacts observed in Fig. 7.1b and Fig. 7.1c, likely

because both image sequences were acquired from the same microscope. As expected

from the microtubule denoising results in Fig. 7.1d, training SRDTrans on the ACE-2

image sequence and carrying out inference on the same dataset also did not produce

any artefacts. Interestingly, using the same dataset for training and inference resulted

in higher contrast of single molecules compared to inference using a model that had been

trained on the microtubule data (Fig. 7.2b, Fig. 7.2c). However, little difference in

contrast was observable for the NPC data that had been denoised using a model trained

with the microtubule data (Fig. 7.2d, Fig. 7.2e). The difference in outcomes between

the ACE-2 denoised data and NPC denoised data was likely due to the dissimilarity

in fluorophore properties between ATTO 488 and Alexa Fluor 647; the photon count

153



and molar absorption coefficient, ϵ, are both lower for ATTO 488 [91], worsening the

contrast. Therefore, though model training using only the microtubule data produced

images free from the artefacts in Fig. 7.1b and Fig. 7.1c, higher contrast was observed

when model inference was carried out on a STORM image sequence that had the same

fluorophore as the STORM image sequence used for training.

7.3 Evaluating denoising on microtubules

Having outlined methods to train SRDTrans without producing artefacts during the

learning process, denoising was evaluated on microtubule image sequences. Here, mi-

crotubules were immunolabelled with a primary anti-α-tubulin antibody and a secondary

antibody conjugated to Alexa Fluor 647 (Methods: 3.4.4). STORM imaging and single-

molecule localisation was carried out as described in Methods: 3.6.1, Theory: 2.3, and

Methods: 3.7.1. The denoising parameters were obtained by training SRDTrans on

the first microtubule image sequence as presented in Fig. 7.1a according to Methods:

3.10.1. Similar to Chapter 4: Fig. 4.7, a qualitative assessment was first carried out

on the super-resolution images of microtubules. If denoising were successful, more de-

tails of the filaments would be expected to be observed—for example, improved filament

continuity or less background from unspecifically bound fluorophores. Conversely, no

additional details would be expected to be observed if denoising were ineffective. This

assessment was carried out for three independent image sequences from which a repre-

sentative example is shown in Fig. 7.3. The reconstructions of the remaining images

are shown in Appendix: Fig. A.7.

154



Fig. 7.3: Assessment of denoising from STORM imaging of immunolabelled
α-Tubulin immunolabelled with dye-conjugated antibodies. a Super-resolution
reconstruction of microtubules without denoising. Scale bar: 5 µm. b Super-resolution
reconstruction microtubules following denoising with SRDTrans. Scale bar: 5 µm. Here,
training and inference was carried out on the same image sequence. c Magnified view of the
blue inset from a. Scale bar: 2 µm. d Magnified view of the blue inset from the denoised image
in b. Scale bar: 2 µm. e Magnified view of the green inset in the bottom-left corner of a. Scale
bar: 2 µm. f Magnified view of the green insert in the bottom-left corner of b. Scale bar: 2 µm.

From the example in Fig. 7.3, a greater number of single-molecules were detected

following denoising, with approximately 1.1 × 106 localisations compared to 2.2 × 106

before denoising. As a result, filament continuity increased following denoising. The

inset in Fig. 7.3a features filaments that are particularly discontinuous, as observable in

the magnified view (Fig. 7.3c). Following denoising, the filaments in the same region of

interest generally appeared more complete (Fig. 7.3d). However, denoising also resulted

in more detected localisations in the bottom-left corner of the super-resolution image

155



(Fig. 7.3b, 7.3f). These localisations likely arose from out-of-focus fluorescence at the

edge of the field of illumination (Fig. 7.1a). The laser intensity at the edge of the field of

illumination may have been too low to induce a complete transition to the dark state for

all fluorophores at the beginning of image acquisition, as observable in the first frame in

Fig. 7.1d, resulting in poor photoswitching. The lower intensity at the edge of the field

of illumination also means that the edge fluorophores would have insufficient intensity

to be detected during localisation of an ordinary STORM image sequence (Fig. 7.3e)

but are detectable following denoising due to improved single-molecule detection.

With the observation that denoising with SRDTrans improved single-molecule detection

of microtubule structures, it would be expected for the Fourier ring correlation (FRC)

resolution to increase concomitantly following denoising. To test this hypothesis, the

FRC resolutions before and after denoising were evaluated for all repeats according to

Methods: 3.7.3 and Theory: 2.4. A custom routine was used to calculate the FRC

resolution, and the localisation data were split into two halves depending on whether

the molecule was detected in an odd-numbered or even-numbered frame.
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Fig. 7.4: A representative example comparing the microtubule FRC resolution
before and after denoising. The resolution threshold was ≈ 0.143. the resolution before
denoising was: 47.2 nm and the resolutions following denoising was 38.9 nm.

Table 7.1: Mean FRC resolutions of microtubule STORM images before and after
denoising.

Before/after de-
noising

Mean FRC resolution
(nm)

Before 50.2 ± 5.0

After 41.1 ± 2.4

As expected, denoising with SRDTrans resulted in resolution improvements for all

datasets, increasing the mean FRC resolution from 50.2 ± 5.0 nm before denoising

to 41.1 ± 2.4 nm after denoising (Table 7.1). Overall, the assessment of denoising on

microtubule data demonstrate that SRDTrans can detect single molecules bound to the

structure of interest that would otherwise be undetected due to noise, resulting in higher

resolution. Nevertheless, there are potential trade-offs with respect to imaging artefacts.

If fluorescence from unbound fluorophores or from fluorophores not transferred to a dark

state were present, the denoising process may worsen the quality of the super-resolution

image (Fig. 7.3b). Therefore, while it would be expected for this denoising method to

improve single-molecule detection and hence, the resolution, of other SMLM biological
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data, it may not be suitable depending on the type of noise that is prominent.

7.4 Evaluating denoising on nuclear pore complexes

Having characterised and evaluated the effectiveness of SRDTrans for denoising micro-

tubule data, the same procedure was applied to three STORM image sequences of NPCs

that expressed the Nup96-SNAP fusion protein labelled with Alexa Fluor 647. Here,

SRDTrans was trained on the first STORM image sequence of microtubules labelled

with Alexa Fluor 647, i.e. the same image sequence presented in Fig. 7.1a. The de-

noising parameters were used to carry out inference on STORM image sequences of

NPCs, producing denoised image sequences. Again, an initial qualitative assessment of

the NPC ring structures was carried out. A representative example from the second

dataset is shown in Fig. 7.5, with reconstructions from the remaining datasets shown

in Appendix: Fig. A.7.

158



Fig. 7.5: Assessment of denoising from STORM imaging of NPCs labelled with
Alexa Fluor 647. a Super-resolution reconstruction of NPCs without denoising. Scale bar: 5
µm. b Super-resolution reconstruction of NPCs following denoising. SRDTrans was trained
using an image sequence of microtubules that had been labelled with Alexa Fluor 647. c
Magnified view of the blue, square inset in a. The scale bar is 200 nm. d Magnified view of the
blue, square inset in b. The scale bar is 200 nm.

Similar to the super-resolution images of microtubule data (Fig. 7.3), there was an

increase in the number of detected single-molecules following denoising, with 2 × 106

localisations compared to 1 × 106 before denoising. However, visual differences in super-

resolution image quality were less apparent following denoising (Fig. 7.3a, Fig. 7.3b,

Appendix: Fig. A.7). For example, the lobes of the NPCs appeared slightly more

distinct following denoising but no obvious changes in their completeness were observable

(Fig. 7.5b, Fig. 7.5d). To provide a quantitative analysis, the FRC resolutions before

and after denoising were also calculated using the same procedure as described above

for the FRC resolution calculations of microtubules.
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Fig. 7.6: Comparison of NPC FRC resolution before and after denoising from a
representative example. The resolution before denoising was 41.7 nm while the resolutions
following denoising was: 33.8 nm.

Table 7.2: Mean FRC resolutions of NPC STORM images before and after
denoising.

Before/after de-
noising

Mean FRC resolution
(nm)

Before 42.2 ± 2.8

After 31.1 ± 2.6

The FRC resolution measurements from the NPCs corroborated those from the micro-

tubules; applying denoising improved the mean FRC resolution (Table 7.2) from 42.2

± 2.8 nm to 31.1 ± 2.6 nm. However, similar to the FRC resolution measurements

for mirror-enhanced STORM (Chapter 5: Table 5.2), the differences in FRC resolution

before and after denoising were likely too small to produce substantial differences in the

appearance of NPCs.

7.4.1 Resolution evaluation with rolling FRC

Since the NPC super-resolution images exhibited more heterogeneity compared to those

from microtubules, the rolling FRC (rFRC) algorithm [153] was applied to the super-
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resolution reconstructions of NPCs to gain more localised insights into the resolution

enhancement from denoising. Unlike the FRC resolution measurements presented thus

far, which calculate the correlation using the entirety of two super-resolution half-images,

the rFRC method calculates the correlation using a small window (64 pixels x 64 pixels

in this work), resulting in an FRC resolution value for the central pixel of the window.

Sliding the window across the entirety of both super-resolution half-images then results

in a per-pixel FRC resolution, thereby providing more localised resolution information.

The output of the rFRC algorithm is a heatmap that displays areas of high or low

resolution, demarcating areas of the super-resolution image on which to focus biological

inference. However, using this heatmap for a quantitative resolution comparison is

challenging. First, the colours of the heatmap can be changed by modifying the grayscale

range of the image. Second, using the heatmap to extract regions of interest increases

the risk of selection bias. Therefore, to compare the effect of denoising, the same region

of interest of NPCs was analysed before and after denoising to allow for a fair comparison

of the local resolution. To extract quantitative insights, the mean rFRC resolutions for

the regions of interest were calculated by taking the mean rFRC resolution value across

all non-zero pixels within a region of interest. Similar to the previous FRC calculations,

the localisation data were split into two half-images depending on whether the molecules

were detected in an odd-numbered frame or even-numbered frame. The results of this

analysis are shown in Fig. 7.7.
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Fig. 7.7: Comparison of NPC FRC resolutions before and after denoising, using
the rolling FRC algorithm. All scale bars are 200 nm in length. a Regions of interest from
all datasets without denoising in order of left to right: dataset 1, dataset 2, and dataset 3. b
Regions of interest from all datasets with denoising in the same order as a. c Heatmaps output
by the rolling FRC algorithm of all datasets without denoising in the same order as a. d
Heatmaps of all datasets following denoising in the same order as a. e Dotplot of the mean
rFRC resolution. The mean rFRC resolutions of datasets 1, 2, and 3 before denoising were:
29.8 nm, 29.7 nm, and 38.3 nm, respectively. The mean rFRC resolutions in the same order,
following denoising, were: 28.1 nm, 24.0 nm, and 33.8 nm, respectively. The overall mean
rFRC resolution without denoising was 32.6 ± 5.0 nm, and the overall mean rFRC resolution
following denoising was 28.6 ± 4.9 nm.

Application of the rFRC algorithm resulted in more detailed insights on the effect of

denoising on the NPC structures themselves. In concordance with the results from

the global FRC resolution analysis (Table 7.2), the resolution of the NPCs increased

from a mean of 32.6 ± 5.0 nm to 28.6 ± 4.9 nm following denoising. This resolution
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increase was smaller than that from the global FRC measurements and may explain

the observation that only subtle structural differences were visible following denoising.

Nevertheless, some structural differences were visible in the third dataset (Fig. 7.7a,

Fig. 7.7b, furthest right), with more distinct lobes following denoising, thus reflecting

some resolution improvement.

7.5 Denoising with ACE-2 receptor

Having characterised and evaluated the effectiveness of denoising for microtubules and

NPCs—two samples with well-characterised molecular organisation—further evaluation

was carried out on the ACE-2 receptor labelled with ATTO 488, an example of a sample

without a well-defined molecular organisation. STORM of ACE-2 receptor labelled with

ATTO 488 was originally carried out as part of two-colour STORM to investigate the

internalisation of SARS-CoV-2 spike protein (see Chapter 8 for details). As part of this

investigation, the ACE-2 receptor was imaged with STORM following incubation with

the spike protein for three different durations: 5 minutes, 15 minutes, and 30 minutes. In

this chapter, the three image sequences acquired at each of these timepoints are treated

as independent repeats with the 5-minute, 15-minute, and 30-minute timepoints termed

the first, second, and third image sequences, respectively.

For denoising, SRDTrans was trained on the first image sequence of ACE-2-ATTO 488

(Fig. 7.2a) according to Methods: 3.10.1 to obtain denoising parameters which were

then used for inference on all datasets. Denoising was analysed as previously with

a qualitative assessment followed by a quantitative assessment. The super-resolution

images of the first dataset are shown in Fig. 7.8 with the remaining images shown in

Appendix: Fig. A.8.
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Fig. 7.8: Assessment of denoising from STORM imaging of ACE-2 receptors
labelled with ATTO 488. a Super-resolution reconstruction of ACE-2 receptors without
denoising. Scale bar: 5 µm. b Super-resolution reconstruction of ACE-2 receptors after
denoising. Scale bar: 5 µm. c Magnified view of the area enclosed by the blue, square inset in
a. Scale bar: 1 µm. d Magnified view of the area enclosed by the inset in b. Scale bar: 1 µm.

A notable difference following denoising, also observed for microtubules and NPCs, was

the increase in the number of localisations (Fig. 7.8a, Fig. 7.8b). In the original data,

22090 localisations were recorded while in the denoised data, 102055 localisations were

recorded. Such an increase was also apparent in the insets highlighted in Fig. 7.8,

where 1391 localisations were recorded for the data without denoising while 4560 local-

isations were recorded following denoising. However, because no ground truth structure

is available for ACE-2, it was difficult to determine whether the increase in localisations

corresponded to more detections of labelled ACE-2 receptor, or to more detections of

ATTO 488 that were not bound to ACE-2-SNAP.

For the quantitative assessment of denoising ACE-2 receptors, unlike the measurements

for microtubules and NPCs, the two half-images were generated by splitting the local-

isation data at the midpoint instead of by odd and even frames. The latter splitting

method resulted in two half-images that exhibited FRC values that exceeded the resolu-

tion threshold, even at high spatial frequency values, thereby preventing the calculation

of an FRC resolution and necessitating the use of a different splitting method.
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Fig. 7.9: Comparison of ACE-2 FRC resolutions before and after denoising from a
representative example. The resolution threshold was ≈ 0.143. Unlike Figs. 7.4, 7.6, and
7.7, the localisation data was split at its midpoint rather than by odd-numbered frames and
even-numbered frames. The resolution before denoising was 186.0 nm while the resolution
following denoising was 36.1 nm.

Table 7.3: Mean FRC resolutions of ACE-2 STORM images before and after
denoising.

Before/after de-
noising

Mean FRC resolution
(nm)

Before 193.2 ± 140.6

After 38.3 ± 11.7

While a substantial increase in the FRC resolution was recorded in the first dataset

(Fig. 7.9), and the mean FRC resolution increased from 193.2 ± 140.6 nm to 39.3

± 11.7 nm following denoising (Table 7.3), the usefulness of the FRC resolution as a

metric for evaluating denoising was unclear. For microtubules and NPCs, the resolution

increase from denoising correlated well to the visibility of new information, such as

improved filament continuity or better separation between the corners of NPCs. For

ACE-2 receptors, however, the benefits of the resolution increase from denoising were

more difficult to discern. Rather than relying on a single evaluation metric, metrics that

focus on image fidelity or an investigation of a biologically driven research question would
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likely be required for further insights into the effects of denoising on ACE-2 receptors

(see Discussion for further details). Such an investigation is presented in Chapter 8.

7.6 Assessing denoising with a commercial microscope

The evaluation of SRDTrans has demonstrated its broad utility across different biological

samples. However, another key aspect of generalisability is its ability to denoise image

sequences acquired with different optical configurations. To a degree, generalisability

to different microscopes has already been demonstrated since the microscope in this

work has different optical components to the microscope used by Li et al. 2023. More

specifically, the microscopes use different cameras and will, therefore, have different noise

characteristics. Nevertheless, both cameras are sCMOS cameras, and so an evaluation

of denoising using a microscope with an EMCCD camera would be beneficial to assess if

deep learning artefacts would arise from using this type of camera, particularly because

EMCCD cameras are widely used for SMLM and because their noise characteristics

differ from sCMOS cameras [67, 236].

To evaluate denoising across different optical configurations, SMLM of microtubules

and NPCs was carried out on a ZEISS Elyra PS.1 microscope—the same microscope

used for drift quantification in Chapter 4. The microtubules and NPCs were labelled as

previously described (Methods: 3.4.4, Methods: 3.4.5) and STORM imaging was carried

out as described in Methods: 3.6.3. The denoising was carried out by obtaining denoising

parameters from training SRDTrans on the first image sequence of microtubules acquired

with the ROCS microscope according to Methods: 3.10.1. In other words, the image

sequence that produced the super-resolution image in Fig. 7.3a.
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Fig. 7.10: Assessment of denoising from STORM imaging of AF647-labelled
microtubules using the commercial microscope. a Super-resolution reconstruction of
microtubules without denoising. Scale bar: 5 µm. b Super-resolution reconstruction of
microtubules following denoising. Scale bar: 5 µm. c Magnified view of the area enclosed by
the inset in a. The scale bar is 1 µm. d Magnified view of the area enclosed by the inset in d.
The scale bar is 1 µm. e FRC curve comparing the resolutions before and after denoising. The
resolution before denoising was 49.2 nm and the resolution after denoising was 44.4 nm.

The denoised results from STORM imaging of microtubules using the commercial mi-

croscope (Fig. 7.10) were similar to those obtained from the ROCS microscope (Fig.

7.3); the filament continuity improved (Fig. 7.10c, Fig. 7.10d) while the FRC resolu-

tion improved from 49.2 nm to 44.4 nm following denoising. This resolution increase
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was lower than those observed with the ROCS microscope (Fig. 7.4) but nonetheless

resulted in an observable difference in STORM image quality.

Fig. 7.11: Assessment of denoising from STORM imaging of AF647-labelled NPCs
using the commercial microscope. a Reconstruction of NPCs without denoising. Scale
bar: 5 µm. b Reconstruction of NPCs after denoising. Scale bar: 5 µm. c Magnified view of
the area enclosed by the inset in a. Scale bar: 200 nm. d Heatmap of the region of interest in c
output by the rolling FRC algorithm that was used in Fig. 7.7. The mean rFRC value across
all non-zero pixels was 31.1 nm e Magnified view of the inset in b. Scale bar: 200 nm. f
Heatmap of the region of interest in e output by the rolling FRC algorithm. The mean rFRC
across all non-zero pixels was 23.9 nm. g FRC curves comparing the resolution across the
entirety of the super-resolution images before and after denoising. The resolution before
denoising was 106.3 nm and the resolution after denoising was 27.1 nm.

The results from STORM imaging of NPCs using the commercial microscope had a
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higher resolution increase following denoising to those acquired with the ROCS micro-

scope (Fig. 7.5, Fig. 7.6) with the resolution increasing from 106.3 nm to 27.1 nm

(Fig. 7.11g). However, the low resolution recorded without denoising (106.3 nm) was

likely attributed to the heterogeneity of resolution of NPCs, as previously highlighted

(see 7.4.1). The same rFRC algorithm used to generate the results in Fig. 7.7 was,

therefore, applied to the same region of interest before and denoising (Fig. 7.11d, Fig.

7.11f). From this analysis, more realistic resolution values of 31.1 nm before denoising

and 23.9 nm after denoising were obtained.

The effect of the resolution increase was observable in the improved image quality and

more distinctive ring structures from the denoised super-resolution reconstruction (Fig.

7.11c, Fig. 7.11e). Taken together, the results from denoising NPCs and microtubule

image sequences acquired using the commercial microscope demonstrated that SRD-

Trans can also produce deep-learning-artefact-free, denoised data when using an EM-

CCD camera, despite the different noise characteristics of EMCCD cameras and despite

the training data being acquired with a different camera type. Therefore, SRDTrans

would be expected to be applicable to image sequences acquired with any standard

SMLM imaging optical configuration even if the model were trained with data that had

been obtained with a different camera.

7.7 Assessing denoising on different types of noise

The assessment of SRDTrans thus far has focused on its ability to generalise denoising

to different biological samples and different experimental configurations. An aspect of

SRDTrans that has not yet been examined in detail is its ability to denoise different

types of noise. As described in Introduction: 1.2.3, noise in SMLM is heterogenous.

Therefore, an evaluation of SRDTrans would not be complete without investigating

different sources of noise. Here, the nanobody-labelled vimentin from Chapter 6 is

used as an example of a super-resolution image where the quality has been degraded

by noise from unspecifically bound flurophores. Meanwhile, NPCs acquired with low-

power STORM are used as an example of where shot noise and camera noise hinder

single-molecule localisation.
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7.7.1 Denoising of nanobody-labelled vimentin

From the STORM imaging of vimentin labelled with anti-vimentin nanobodies described

in Chapter 6, non-homogenous background fluorescence in the super-resolution image—

likely corresponding to unspecifically bound fluorophores—was prominent. While the

poor contrast was detrimental to the development of nanobody labelling methods in

that chapter, the noise incurred by unspecifically bound fluorophores means that this

dataset is a good example for evaluating the ability of SRDTrans to remove noise from

unspecifically bound fluorophores. This type of noise presents problems particularly for

downstream spatial analysis methods, such as cluster analysis, since more false positive

localisations are detected, thereby increasing the likelihood of extracting inaccurate

spatial patterns [240].

Vimentin in U2OS cells was labelled with the anti-vimentin nanobody, VB3 (Chapter

6: 6.4), by Dr. Siva Ramadurai (The Rosalind Franklin Institute) using Streptolysin-O

as described in Methods: 3.4.7. The nanobody was conjugated to Alexa Fluor 647 by

mutating its 7th position serine residue to a cysteine residue that could react with a

maleimide derivative of Alexa Fluor 647. STORM imaging was performed with a Zeiss

Elyra PS.1 microscope (Methods: 3.6.3) and single-molecule localisation was carried

out as previous (Theory: 2.3, Methods: 3.7.1). SRDTrans was trained using the image

sequence obtained from STORM imaging of vimentin and model inference was carried

out on the same image sequence. The denoising evaluation was carried out as described

for microtubules, NPCs, and ACE-2 receptors. However, only one dataset was eval-

uated, owing to the challenges in vimentin labelling described in Chapter 6. For the

FRC evaluation, the two half-images were generated by splitting based on whether the

localisation was recorded in an odd-numbered frame or even-numbered frame.
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Fig. 7.12: Assessment of denoising noise from unspecifically bound fluorophores
evaluated from STORM imaging of vimentin labelled with VB3 conjugated to
Alexa Fluor 647. Scale bars: 5 µm. a Super-resolution reconstruction of vimentin without
denoising. b Super-resolution reconstruction after denoising. The image has been adjusted to
have the same grayscale range as a. c FRC curve comparing the resolutions before and after
denoising. The threshold was ≈ 0.143. The resolution before denoising was 51.3 nm and the
resolution after denoising was 24.7 nm.

As expected from previous evaluations, the FRC resolution improved following denoising,

increasing from 51.3 nm without denoising to 24.7 nm (Fig. 7.12c). Similar to denoising

microtubules (Fig. 7.3), the vimentin filaments were more prominent and better-defined

following denoising (Fig. 7.12a, Fig. 7.12b). However, compared to the result without

denoising, more noise from unspecifically bound fluorophores was present, suggesting

that denoising with SRDTrans had little effect on this type of noise. While the image

quality in this dataset was sufficient to observe the vimentin filaments, it would be

unlikely for denoising to provide many benefits if the noise from unspecifically bound

fluorophores were worse. In such cases, the biological structure would likely remain

obscured by noise.
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7.7.2 Denoising NPCs acquired with low-power STORM

Denoising the STORM image sequence of vimentin revealed that SRDTrans is less effec-

tive at removing noise originating from unspecifically bound fluorophores. It is, there-

fore, likely better suited when the dominant form of noise is camera-based or shot noise.

To test this hypothesis, STORM imaging was carried out on NPCs labelled with Alexa

Fluor 647 using a low power density to reduce the intensity of fluorescence emission.

Here, the power density was 0.8 kW/cm2 which was at least half of the typical power

density used for STORM throughout this work (Methods: 3.6.1). Under these condi-

tions, noise originating from the camera and shot noise are expected to be the primary

form of noise, thereby allowing for the assessment of the effectiveness of SRDTrans at

removing shot noise and noise intrinsic to cameras. The denoising evaluation was carried

out as previously with vimentin.
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Fig. 7.13: Assessment of denoising camera-based noise and shot noise evaluated
from STORM imaging of nuclear pore complexes using low power. a
Super-resolution reconstruction of NPCs from low-power STORM imaging without denoising.
Scale bar: 5 µm. b Super-resolution reconstruction of NPCs from low-power STORM imaging
following denoising. Scale bar: 5 µm. The grayscale range of the image has been adjusted such
that it is the same as a. c Magnified view of the area marked by the blue inset in a. Scale bar:
200 nm. d Magnified view of the area marked by the blue inset in b. The grayscale range of
the image has been adjusted to be the same as c. Scale bar: 200 nm. e FRC curve comparing
resolutions before and after denoising. The threshold was 0.143. The resolution before
denoising was 44.8 nm while the resolution following denoising was 30.0 nm.

An improvement in the image quality of NPCs was observed following denoising (Fig.

7.13c, Fig. 7.13d). While the image quality was lower than those acquired from STORM
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using the standard power density (Fig. 7.5, Fig. 7.7), there was, nevertheless, a substan-

tial increase in the clarity and resolution of the NPC ring structures following denoising.

Similar to other datasets, the FRC resolution also improved after denoising, increasing

from 44.8 nm to 30.0 nm. Taken together, the denoising evaluation from low-power

STORM imaging and vimentin STORM imaging demonstrated that SRDTrans is best

adapted for conditions where camera noise and shot noise are dominant. If noise from

unspecifically bound fluorophores or background fluorescence is dominant, then SRD-

Trans is unlikely to offer meaningful improvements.

7.8 Comparison of single-molecule photophysical parame-

ters

During the assessment of the generalisability and effectiveness of denoising for different

biological samples, microscopes, and types of noise, differences in the estimated photo-

physical parameters of single-molecules, such as the intensity and background, were not

examined. These parameters can be used for applications such as estimations of single-

molecule axial positions and estimations of single-molecule orientations [241, 242], and

so assessing whether denoising modulates these parameters may be beneficial for the

wider SMLM community.

Conducting a fair comparison of single-molecule properties from the localisation data as

previously (Chapter 5, Fig. 5.4) was challenging due to the increase in the number of

detected single-molecules following denoising. Ideally, for paired data, the photophysical

parameters of the same molecule would be compared before and after denoising. Such

a procedure is possible in ThunderSTORM but would require the manual selection

of hundreds of thousands of localisations. Therefore, the photophysical properties of

single-molecules was analysed using a custom-written Python script which used the

same coordinates from local maxima detection for both the original and denoised image

sequence, thereby ensuring the same single-molecule in both datasets was compared.

The implementation details are described in Methods: 3.10.2. Briefly, the custom script

used the same algorithm as ThunderSTORM (Theory: 2.3) but used a difference-of-

Gaussians filter and calculated the localisation precision by determining the Cramér-Rao
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lower bound for the xy-coordinates, θ̂x, θ̂y (Theory: 2.4, Eqs. 2.21, 2.22, 2.23).

The photophysical parameters of the single-molecules were analysed for all repeats of the

microtubule and NPC localisation data presented previously (Fig. 7.3, Table 7.1, Fig.

7.5, Table 7.2). Here, weighted means and standard deviations for each photophysical

parameter were calculated—using Eq. 5.3 and Eq. 5.4—and tabulated in Table 7.4.

Table 7.4: Weighted means of the estimated photophysical parameters of
single-molecule from comparing STORM image sequences with and without
denoising. The weighted means were calculated for each parameter using Eq. 5.3 and the
standard deviations were calculated using Eq. 5.4.

Sample Weighted
mean intensi-
ties (photons)

Weighted mean
background
(photons)

Weighted mean
localisation
precisions (nm)

Microtubules, de-
noised

928 ± 390 109 ± 115 14.7 ± 0.5

Microtubules,
noisy

968 ± 427 110 ± 114 13.7 ± 0.5

NPCs, denoised 559 ± 54 38 ± 8 24.1 ± 1.8

NPCs, noisy 601 ± 50 38 ± 8 20.2 ± 0.3

For the microtubule image sequences, there were small differences in the intensity, back-

ground fluorescence, and localisation precision of single molecules following denoising.

The mean intensity decreased from 968 ± 427 photons to 928 ± 390 photons (Table

7.4). The background fluorescence was similar with a mean of 110 ± 114 photons before

denoising and a mean of 109 ± 115 photons following denoising (Table 7.4). Finally,

the localisation precision decreased from a mean of 13.7 ± 0.5 nm to 14.7 ± 0.5 nm

following denoising (Table 7.4).

The analysis of photophysical parameters from NPC image sequences produced simi-

lar results to that from the microtubules. The mean intensity of single molecules was

slightly lower following denoising, with a value of 559 ± 54 photons compared to 601 ±

50 photons before denoising (Table 7.4). The mean background was unchanged follow-

ing denoising (Table 7.4), as observed for the microtubule data, while the localisation

precision was also lower following denoising for the NPC data, with a decrease from

20.2 ± 0.3 nm to 24.1 ± 1.8 nm. Overall, the results from comparing the photophysical

parameters demonstrated that denoising decreased the intensity and localisation pre-

cision of single-molecules, likely because of smoothing of the intensity profile following

denoising (see Discussion for further details).
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7.9 Further applications: tuning loss functions

A limitation of SRDTrans previously highlighted is its inability to discriminate between

fluorescence originating from fluorophores attached to the structure of interest and fluo-

rescence originating from unspecifically bound fluorophores or fluorophores from outside

the field of illumination that have not transitioned to a stable dark state. This limita-

tion was observed in the first denoised image sequence of microtubules (Fig. 7.3) where

more single molecules were visible in the corner, contributing to noise. Likewise, noise

from unspecifically bound fluorophores was still prominent following denoising for the

vimentin image sequences (Fig. 7.12).

To address these limitations, two new loss functions were implemented for SRDTrans.

The details of these loss functions are described in Theory: 2.7 and Methods: 3.10.1.

Briefly, the new loss functions aid the minimisation of the total loss function when the

pixel-to-pixel temporal intensity difference is high, and when there is high temporal

variance in the brightest regions of an image frame. The intended effect of these loss

functions is to assist training of the denoising model if fluorophores display appropriate

photoswitching behaviour and penalise the model if not, ultimately aiming to reduce

from unspecifically bound fluorophores since these are more likely to aggregate and

exhibit abnormal photoswitching.

The denoising of SRDTrans with the new loss functions was evaluated on the first dataset

of microtubules and the vimentin dataset. In both cases, training and inference was

carried out using the same image sequence. Single-molecule localisation was carried out

on the denoised image sequences as previously and the super-resolution reconstructions

were compared to those that had been denoised without the additional loss functions.
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Fig. 7.14: Assessment of denoising the first microtubule image sequence after
training SRDTrans with new loss functions. a Super-resolution reconstruction of the
first image sequence of microtubules after denoising without the addition of new loss functions.
Scale bar: 5 µm. b Super-resolution reconstruction of the same dataset after denoising with
the new loss functions. Scale bar: 5 µm. c FRC curves comparing the resolution without and
with the new loss functions. Here, “Original” denotes denoised localisation data without the
new loss functions, i.e. those presented in Fig. 7.3b. “new loss” denotes denoised localisation
data after addition of the new loss functions. The resolution without the new loss functions
was 38.9 nm while the resolution with the new loss functions was 52.6 nm.

Comparing the reconstruction from denoising with the new loss functions to the previous

denoised reconstruction in Fig. 7.3, less background is present around the edges of the
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image (Fig. 7.14a), demonstrating that the new loss functions can remove noise when

it exhibits different photoswitching behaviour. However, the new loss functions also

decreased the FRC resolution (Fig. 7.14c). Without the new loss functions, the FRC

resolution was 38.9 nm but with the new loss functions, the FRC resolution was 52.6 nm.

Notably, the FRC resolution was worse than the microtubule data without denoising

(Fig. 7.4). While the filaments still exhibited better continuity than the reconstruction

without denoising, the filaments towards the left and right edges of the image have worse

continuity than either the reconstruction without denoising or the reconstruction with

denoising.

Denoising with the new loss functions was then applied to vimentin image sequences.

The results are shown in Fig. 7.15.
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Fig. 7.15: Assessment of denoising the vimentin image sequence after training
SRDTrans with new loss functions. a Super-resolution reconstruction of
nanobody-labelled vimentin after denoising with the new loss functions. Scale bar: 5 µm. b
FRC curves comparing the resolution with and without the new loss functions. The legend
labels are the same as those in Fig. 7.14c, where the denoised localisation data without the
new loss functions are those presented in Fig. 7.12c. The resolution without the new loss
functions was 24.7 nm and the resolution with the new loss functions was 32.6 nm.

With the new loss functions, little difference was observable for the super-resolution

image of the nanobody-labelled vimentin (Fig. 7.15a). Unlike the microtubule image

sequence, the noise from the unspecifically bound fluorophores likely exhibited similar

photoswitching behaviour to fluorophores that were bound to the vimentin, and so
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the new loss functions were less effective at discriminating between fluorescence that

corresponded to noise or signal. Similar to denoising the microtubule image sequences

with the new loss functions (Fig. 7.14), the FRC resolution was worse with the new loss

functions, decreasing from 24.7 nm to 32.6 nm (Fig. 7.15b).

Taken together, adding these new loss functions to SRDTrans may have aided with

removing noise from fluorescence which differed in its photoswitching behaviour, such

as out-of-focus fluorophores or fluorophores towards the edges of the field of illumination.

However, the new loss functions did not adequately address noise from unspecifically

bound fluorophores and also degraded the attainable resolution.

7.10 Discussion and conclusions

The denoising performance for SRDTrans has been characterised in this chapter, pro-

viding a more comprehensive and transparent evaluation to that of the original work.

The denoising model obtained from training SRDTrans can be generalised to biological

samples that are structurally different from the data used for training (Fig. 7.2), as

well as to image sequences obtained with a camera with different noise characteristics

(Fig. 7.10, Fig. 7.11). However, the model was likely more effective when the training

data had similar contrast to the test data (Fig. 7.1). Experimentally, this observation

means that the image sequence used for training ought to have a fluorophore with similar

brightness to the image sequence used for denoising, as well as similar image acquisition

parameters. Apart from model generalisation, the effect of denoising on super-resolution

images was also characterised in this chapter for microtubules, NPCs, and ACE-2 recep-

tors (Fig. 7.3, Fig. 7.5, Fig. 7.8). It was observed that denoising effectively increases

the in silico labelling density through improved detection of single-molecules—an ob-

servation not noted in the original work—thereby increasing the localisation accuracy

and attainable resolution (Table 7.1, Table 7.2, Fig. 7.7). Further characterisation of

SRDTrans revealed that it performed best when the predominant sources of noise in the

image sequence were camera-based noise and shot noise but performed poorly if the pre-

dominant source of noise originated from unspecifically bound fluorophores (Fig. 7.12,

Fig. 7.13). Finally, adding new loss functions to the model assisted with the removal of

noise from out-of-focus fluorophores but was unable to address noise from unspecifically
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bound fluorophores (Fig. 7.14, Fig. 7.15).

A notable observation from comparing the estimated photophysical parameters before

and after denoising was that the localisation precision was consistently lower for the

denoised localisation data (Table 7.4). A possible explanation for this could be that

SRDTrans smooths images slightly as a consequence of denoising—an effect that is most

prominent upon comparison of the non-denoised images in Fig. 7.1a and Fig. 7.2d to

their denoised counterparts in Fig. 7.1d and Fig. 7.2e. This smoothing would cause the

maximum fluorescence intensity for a single-molecule to be decreased, thereby resulting

in a lower estimate for the intensity, θ̂I , which was also observed in the comparison of es-

timated photophysical parameters in Table 7.4. The lower intensity would then result in

lower localisation precision for the same single-molecule in a denoised image sequence. It

should be noted, however, that despite lower localisation precisions following denoising,

the FRC resolution was consistently shown to improve from denoising (Table 7.1, Table

7.2). Therefore, the resolution enhancement from improved single-molecule detection

is greater than the loss in resolution from the lower localisation precision. Nonethe-

less, caution ought to be applied if the estimated intensities and localisation precisions

from denoised localisation data are applied to postprocessing analyses, as they may give

different results to using non-denoised localisation data.

The removal of noise originating from unspecifically bound fluorophores was challenging

for SRDTrans. This observation can be attributed to the fluorescence emission profiles

of unspecifically bound fluorophores being similar to those from fluorophores bound to

the sample. Even with the new loss functions (Theory: 2.7), substantial differences

were only observed in Fig. 7.14 because the noisy fluorophores at the edge of the image

were out of focus. Such a result means that caution must be taken when applying

SRDTrans to spatial analysis methods that use localisation data, as denoising is likely

to retain or increase detections of single-molecules that are not bound to the sample.

As such, it is unlikely that improvements in the accuracy of spatial statistics would be

observed even after applying denoising. Going forward, in the absence of a deep learning

algorithm that can denoise unspecifically bound fluorophores in SMLM image sequences,

preprocessing and postprocessing approaches may be preferable. These methods include

straightforward procedures such as changing the intensity threshold for single-molecule
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detection, merging molecules, and filtering localisations by intensity, background, PSF

size, or localisation precision. More sophisticated methods such as using DBSCAN in

ThunderSTORM to remove unspecific background localisations [135, 243] may also be

beneficial for removing noise from unspecifically bound fluorophores.

One of the challenges for SRDTrans in this chapter was unambiguously determining

whether the increased number of localisations detected from the ACE-2 image sequences

corresponded to fluorophores bound to the structure of interest, or whether it corre-

sponded to unspecifically bound fluorophores. Such concerns were not present for mi-

crotubule and NPC localisations due to visible differences in the reconstruction before

and after denoising (Fig. 7.3, Fig. 7.7). However, since the ACE-2 receptors lack a

clearly defined spatial organisation, the same analysis approach could not be applied.

In this respect, the use of FRC resolutions for evaluating denoising was not very in-

formative for the ACE-2 receptor (Fig. 7.9, Table 7.3). For example, the FRC curve

for the ACE-2 receptor presented in Fig. 7.9 exhibited an unusual shape relative to

those in Chapter 4, Figs. 4.8 and 4.12—all of which used the same method to split

the localisation data. Extending this logic further, it is likely that using FRC reso-

lutions may be unhelpful when the sample does not have a well-defined organisation.

Instead, the evaluation of denoised ACE-2 receptor localisation could be expanded and

improved by including methods that map and quantify image artefacts. Two such meth-

ods are NanoJ-SQUIRREL and HAWKMAN, both of which are capable of identifying

areas where image fidelity has degraded [244, 245]. Applying these methods may have

provided more informative insights on the impact of SRDTrans on image fidelity.

The scope of this chapter could be expanded by testing SRDTrans on low-SNR SMLM

modalities. While some results presented in this work did use ATTO 488 (Fig. 7.2a–c,

Fig. 7.8)—a dye emitting fewer photons than AF647 [91]—the typical photon counts

of fluorescent proteins used in PALM are even lower than that of ATTO 488 [246].

DNA-PAINT can also suffer from low SNR due to the high background arising from

free diffusion of fluorophores conjugated to the imager strand [247]. It would, thus, be

of interest to evaluate denoising on images sequences acquired from PALM or DNA-

PAINT. The results from this would allow for a more comprehensive evaluation of the

denoising capability of SRDTrans, thereby better informing other users of SMLM on
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the benefits and limits of SRDTrans.

Finally, it would be beneficial if the evaluation of denoising were expanded to other

algorithms beyond SRDTrans. Two advantages of SRDTrans are its use of a vision

transformer architecture and its development specifically for SMLM image sequences,

both of which may be responsible for its effectiveness at denoising SMLM data (Fig.

7.3–Fig. 7.7, Fig, 7.13). However, it is challenging to assess accurately the benefits that

these two factors confer since denoising algorithm evaluations as comprehensive as that

presented herein are lacking in the literature—despite the rapid development of denois-

ing algorithms for fluorescence microscopy [74, 75, 248, 249]. It would, therefore, be

beneficial to benchmark SRDTrans against other deep learning denoising methods using

the approach described in this chapter, particularly for algorithms that use convolution

neural networks since they are hypothesised to perform worse than vision transformers

[86, 87]. Such an evaluation would inform the SMLM community on selecting the best

denoising method for achieving deeper biological insights, as well as inform developers

of denoising algorithms on the advantages and disadvantages of different deep learning

architectures and strategies.

7.10.1 Conclusions

Overall, a comprehensive evaluation of SRDTrans has revealed that it was effective at

denoising SMLM image sequences from different biological samples and imaging configu-

rations if the predominant types of noise are shot noise or camera-based. In other words,

if the noise was mainly shot noise, read noise, and or amplification noise. The effect

of denoising was to improve detection of fluorophores in the image sequences, thereby

increasing the labelling density and resolution. The results in this chapter represent a

substantial extension to the original work describing SRDTrans, thus informing users

of SMLM on the benefits and drawbacks of using SRDTrans for denoising. The results

also demonstrate the ability of vision transformer architectures to denoise SMLM im-

age sequences—information which could be helpful for future development of denoising

algorithms.
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8 Biological Imaging Applications—STORM of ACE-

2 receptor and SARS-CoV-2 spike protein

8.1 Overview

STORM is a powerful method to investigate the cellular organisation of proteins due

to its ability to acquire spatial information at resolutions in the tens of nanometers,

facilitating the application of spatial statistics methods to attain quantitative insights

into cellular processes. Here, the internalisation of SARS-CoV-2 spike protein is used

as the biological system of interest (Introduction: 1.4.4)—a process yet to be examined

in detail with SMLM. In this chapter, results from colocalisation analysis and cluster

analysis (Theory: 2.6, Theory: 2.6.1) from two-colour STORM of ACE-2 receptor and

SARS-CoV-2 spike protein are presented. Such an experimental approach also serves

as a method with which to evaluate whether denoising using SRDTrans (Chapter 7)

distorts experimental results when investigating biological systems.

Prior to the work presented in this chapter, SARS-CoV-2 spike protein had been ex-

pressed, purified, and conjugated to a maleimide derivative of Alexa Fluor 647 by Dr.

Siva Ramadurai (The Rosalind Franklin Institute) according to Methods: 3.3.4, 3.3.5,

3.3.6. Separately, the DNA sequence encoding ACE-2 was cloned into pOPINE plasmids

containing the sequence for the SNAP-tag (Methods: 3.3). The plasmid was used to

transfect Calu-3 lung cells (Methods: 3.4.3), to express the ACE-2-SNAP fusion protein

which was then labelled with ATTO 488.

SARS-CoV-2 spike protein was incubated with Calu-3 cells for 5 minutes, 15 min-

utes, or 30 minutes before cell fixation and two-colour STORM. A negative control

was also implemented where no spike protein was added. The localisation data from

two-colour STORM were analysed with a similar approach to Malkusch et al. 2012

(Theory: 2.6), allowing co-localised molecules to be identified. Cluster analysis us-

ing HDBSCAN and principal component analysis (PCA) was then carried out (Theory:
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2.6.1). The aim of these analyses was to compare differences in the clustering and spatial

organisation of ACE-2 following addition of the spike protein at different time points.

These analyses also present a methodological improvement to popular clustering meth-

ods through the use of HDBSCAN instead of DBSCAN [243, 250]; DBSCAN requires

two hyperparameters—the cluster size and cluster radius—while HDBSCAN requires

only the cluster size, thus simplifying analysis workflows.

By analysing the spatial organisation of a pathogen-host interaction at resolutions below

the diffraction limit, it is hoped that the results will facilitate the elucidation of the

mechanisms of pathogenesis. Furthermore, it is hoped that the analytical approach

presented in this chapter will serve as a template for the acquisition of quantitative

insights from SMLM experiments.

8.2 Two-colour STORM of ACE-2 and SARS-CoV-2 spike

protein

For multicolour STORM, channel registration must be carried out to correct for chro-

matic aberrations (Fig. 8.1a, Fig. 8.1b). As such, 100 nm diameter fluorescent beads

were imaged with excitation wavelengths of 488 nm and 640 nm—corresponding to the

excitation wavelengths of ATTO 488 and AF647, respectively. The beads were localised

(Theory: 2.3, Methods: 3.7.1) and channel registration was performed using the subpixel

xy-localisations according to Theory: 2.6 and Methods: 3.8.2. The channel registration

error was taken to be the median nearest neighbour distance from the bead localisa-

tions of one channel to another. This procedure was repeated prior to STORM for each

timepoint.
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Fig. 8.1: Channel registration procedure for two-colour STORM of ACE-2-SNAP
and SARS-CoV-2 spike protein, as well as the associated registration errors. a
Scatterplot of bead localisations before channel registration. Green circles mark localisations
from imaging with 488 nm while magenta circles mark localisations from imaging with 640 nm.
b Scatterplot of bead localisations following channel registration. c Histogram of nearest
neighbour distances from the 5 minutes timepoint of ACE-2 and spike protein. The
registration error was 13.5 nm. d Histogram of nearest neighbour distances from the 15
minutes timepoint. The channel registration error was 14.6 nm. e Histogram of nearest
neighbour distances from the 30 minutes timepoint. The registration error was 13.8 nm.

The registration errors were 13.5 nm, 14.6 nm, and 13.8 nm for the 5 minutes, 15

minutes, and 30 minutes timepoints, respectively (Fig. 8.1c–e), all of which were within
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typical localisation precision values, demonstrating that channel registration would not

have a measurable impact on the results from two-colour STORM.

For two-colour STORM, the ACE-2-SNAP fusion protein was labelled with ATTO 488

according to Methods: 3.4.9. STORM imaging was then carried out according to Meth-

ods: 3.6.2 for each timepoint. Widefield images of the 5-minute timepoint are shown in

Fig. 8.2 along with the corresponding localisations before and after channel registration.
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Fig. 8.2: Super-resolution images following two-colour STORM of ACE-2-ATTO
488 and SARS-CoV-2 spike-AF647. Scale bars: 5 µm. a Example widefield image of a
Calu-3 cell with ACE-2-SNAP labelled with ATTO 488 at the 5-minute timepoint. b Example
widefield image of the spike protein labelled with AF647 after incubating with Calu-3 cells for
5 minutes. c Super-resolution reconstruction of a following STORM and prior to channel
registration. d Super-resolution reconstruction of b following STORM. e Merged image of c
and d following channel registration. f Merged image of the ACE-2 localisations and spike
protein localisations from the 15-minute incubation timepoint. g Merged image of the ACE-2
localisations and spike protein localisations from the 30-minute incubation timepoint.

From the widefield images (Fig. 8.2a, Fig. 8.2b), fluorescence from both channels can
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be observed in similar locations, implying spatial correlation between ACE-2 and the

spike protein. The STORM reconstructions corroborate this observation, with spatial

overlap visible between the localisations of both channels (Fig. 8.2e). Similar outcomes

were also observed for ACE-2 and spike protein at other timepoints (Fig. 8.2f, Fig.

8.2g).

8.2.1 Colocalisation analysis and cluster analysis of ACE-2 receptor

and spike

To gain quantitative insights into the interactions and spatial organisation of the ACE-

2 receptor and spike protein, colocalisation analysis and cluster analysis were carried

out for the localisation data of both channels. The localisation data acquired at each

timepoint were analysed to assess for differences in spatial organisation during the in-

ternalisation of the virus.

First, the presence of clusters was verified with Ripley’s H-function [160] (Theory: Eq.

2.41, Methods: 3.8.3)—a normalised variant of Ripley’s K-function. STORM of a neg-

ative control (Appendix: Fig. A.9) where Calu-3 cells were transfected with pOPINE-

ACE-2-SNAP and labelled with ATTO 488 without the addition of spike protein was

also carried out. Using Ripley’s H-function, positive values would indicate clustering

while negative values would indicate dispersion. A maximum radius of observation of

1500 nm was used but only the first 500 nm were plotted below for clarity.
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Fig. 8.3: Assessing for the presence of clusters of ACE-2 receptor and
SARS-CoV-2 spike protein using Ripley’s H-function. Ripley’s H-function was
calculated using Eq. 2.41 with a maximum radius of observation of 1500 nm. Only the first 500
nm were plotted for clarity. All values for the H-function have been scaled down by a factor of
100 for visual clarity. The blue lines denote the calculated H-function values while the red
horizontal lines denote where the H-function equals zero. a Plot of the calculated H-function
for the negative control, i.e. where no spike protein was added. The radius at which the
maximum was located was ∼ 50 nm. b Plot of the calculated H-function for the 5-minute spike
protein incubation. The radius at which the maximum was located was ∼ 50 nm. c Plot of the
calculated H-function for the 15-minute spike protein incubation. The radius corresponding to
the maximum was 60 nm. d Plot of the calculated H-function for the 30-minute spike protein
incubation. The radius corresponding to the maximum was 100 nm.

At all timepoints, clusters were detectable within a typical radial range of 0–150 nm—

with the exception of Fig. 8.3d—as indicated by the range of radii over which the

H-function was positive (Fig. 8.3a–c). Using these results, the maximum search radius

for colocalisation analysis was set to 120 nm.

Colocalisation analysis was carried out as described in Theory: 2.6 and Methods: 3.8.2,

resulting in a coordinate-based colocalisation (CBC) value for all localisations that
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ranged from -1 (channels anti-correlated) through 0 (channels not correlated, unlikely

to be colocalised) to +1 (channels correlated, likely to be colocalised). Localisations

with a CBC higher than 0.4 were retained for cluster analysis, following the example

from Clus-DoC [250]. Here, clusters were identified using hierarchical density-based spa-

tial clustering of applications with noise (HDBSCAN) described in Theory: 2.6.1 and

Methods: 3.8.3. A minimum cluster size of 4 localisations was used since it has been

established that the ACE-2 receptor interacts with a trimeric spike protein [110].

Following cluster identification, the cluster area, radius, circularity, density, and the

number of ACE-2 receptors in each cluster were calculated. With these descriptors,

dimensionality reduction via principal component analysis (PCA) was carried out using

two principal components (Theory: 2.6.1, Methods: 3.8.3). The aim of PCA was to

examine whether the cluster parameters differed with varying spike protein incubation

times. By plotting the first principal component against the second component, it

would be expected for cluster data from different timepoints to be localised to distinct

locations on the plot. In contrast, if the cluster parameters were similar, the data would

be expected to localise at similar locations. The loadings of each principal component

also provide information on which cluster parameters are correlated. The results from

PCA for the control and 5 minutes timepoint are shown below along with the proportion

of explained variance from using two principal components.
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Fig. 8.4: Principal component analysis of cluster parameters of the negative control
(“0 mins”) and ACE-2 and spike with a 5-minute incubation time (“5 mins”). a
2D scatterplot of the cluster data following dimensionality reduction to two principal
components. Each scatter point represents a cluster of localisations identified by HDBSCAN
where the five cluster descriptors have been reduced to two principal components. The cluster
data from the 5-minute incubation timepoint are coloured violet while the cluster data from
the negative control are coloured purple. b Plot of the explainable variance from each principal
component. Using two principal components results in a total explainable variance of ∼ 64.5%.

The loadings for principal component 1 (PC1) and principal component 2 (PC2) are as
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follows:

PC1 = 0.86A + 0.94r − 0.29C + 0.28N − 0.33D , (8.1)

PC2 = 0.26A− 0.09r + 0.82C + 0.70N + 0.28D . (8.2)

Here, A, r, C, N , D are the five cluster descriptors and denote the area, radius, circular-

ity, number of ACE-2 receptors, and density, respectively. The results from the loadings

imply that cluster area and cluster radius are strongly correlated for PC1 while the

number of ACE-2 receptors is weakly correlated and the cluster circularity and density

are weakly anti-correlated. For PC2, the circularity and number of ACE-2 receptors are

strongly correlated while the area and density are weakly correlated, and the radius is

weakly anticorrelated.

There was a degree of overlap between the cluster data of the negative control and

5-minute timepoint (Fig. 8.4a). However, the data of the control were slightly more

spread out along the positive directions of both principal components. From the loadings

described in Eq. 8.1 and Eq. 8.2, some of the clusters from the negative control had

larger areas and radii, as well as higher circularity and more ACE-2 receptors. As such,

it may be possible that the addition of spike protein initiated the accumulation and

sequestering of ACE-2 receptors.

To further assess this hypothesis, the PCA was repeated but with the 15-minute and

30-minute timepoints included.
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Fig. 8.5: Principal component analysis of ACE-2 and SARS-CoV-2 spike protein
clusters wherein the spike protein has been incubated for 5 minutes, 15 minutes, or
30 minutes. a 2D scatterplot of the cluster data from all timepoints following dimensionality
reduction to two principal components. “0 mins” denotes the negative control where no spike
protein was added. b Line plot of the explained variance for each principal component. With
two principal components, the proportion of explained variance was ∼ 63.5%.
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The loadings of the principal components used in Fig. 8.5a were as follows:

PC1 = 0.87A + 0.93r − 0.22C + 0.31N − 0.35D , (8.3)

PC2 = 0.24A− 0.14r + 0.83C + 0.66N + 0.29D . (8.4)

The loadings of the principal components were similar to Fig. 8.4a, again suggesting

that cluster area and radius were correlated and that variation in these descriptors was

the primary driver for cluster-to-cluster variation. Cluster circularity and the number

of ACE-2 receptors were also correlated for PC2, implying that these two variables also

drove cluster-to-cluster variation.

There was overlap between the control and all timepoints (Fig. 8.5a), suggesting that

ACE-2 and spike protein formed similar clusters irrespective of the incubation duration.

It is possible that 15-minute and 30-minute incubation times were too long relative

to viral internalisation timescales, meaning that most ACE-2-spike interactions—and

subsequent internalisation—may have happened in the first five minutes (see Discussion

for further details). Therefore, longer incubations may not have meaningfully altered

the characteristics of the clusters.

8.3 Cluster analysis with denoised ACE-2 localisation data

An aspect of denoising using SRDTrans that was not adequately addressed in Chapter

7 was whether its increased capability to detect localisations would affect the results

from an investigation focused on a biological system. To assess this, PCA was repeated

using the localisations from denoised ACE-2 image sequences. The image sequences of

ACE-2-SNAP ATTO 488 were denoised as described in Chapter 7, section 7.5, and the

colocalisation analysis and cluster analysis were carried out as previously. To compare

the effects of denoising, pairwise comparisons of the cluster data at each timepoint were

carried out, e.g. the ACE-2 localisations from the 5-minute timepoint were compared

to the denoised localisations from the same timepoint. If denoising affected the cluster

data, it would be expected that the scatterpoints from a 2D principal component plot

would localise to different locations. Conversely, if denoising had little effect, a degree

of overlap would be expected.
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Fig. 8.6: Comparison of PCA of ACE-2 and spike cluster data before and after
denoising. Similar to Fig 8.4 and Fig. 8.5, the cluster descriptors have undergone
dimensionality reduction to two principal components using PCA. a 2D scatterplot of the
cluster data from the negative control before and after denoising. b 2D scatterplot of the
cluster data from the 5-minute timepoint. c 2D scatterplot of the cluster data from the
15-minute timepoint. d 2D scatterplot of the cluster data from the 30-minute timepoint.

At all timepoints and the negative control, there was overlap between the cluster data

after denoising (Fig. 8.6a–d), indicating the cluster characteristics were similar to those

before denoising. Therefore, it was likely that denoising did not substantially alter the

outcome of cluster analysis of ACE-2 and spike protein, meaning that, for this work,

similar conclusions would be derived from a biologically driven investigation regardless

of whether denoised localisation data was used or not. However, application of denoising

to a wider range of biological data would be required for a more robust assessment.
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8.4 Discussion and conclusions

In this chapter, colocalisation and cluster analysis have been carried out for two-colour

STORM following incubation of the SARS-CoV-2 spike protein at timepoints of 5 min-

utes, 15 minutes, and 30 minutes (Fig. 8.1, Fig. 8.3). PCA was carried out for cluster

data originating from these timepoints, as well as for a negative control where no spike

protein was added (Fig. 8.4, Fig. 8.5). This analysis revealed differences in cluster char-

acteristics between the negative control and the 5 minute timepoint but no changes in

cluster characteristics across additional timepoints was observed. Finally, the outcomes

of cluster analysis were also compared to cluster data originating from localisation data

that had been denoised using the approach described in Chapter 7. Similar outcomes

were observed between cluster data with and without denoising, implying that applying

SRDTrans would not alter the biological conclusions from postprocessing analyses of

SMLM data.

Apart from the analysis of biological data, the cluster analysis method presented in

this chapter offered some improvements to current methodologies for cluster analysis.

For example, DBSCAN is a popular algorithm for cluster analysis in SMLM [157, 250,

251]. However, it requires two parameters—a neighbourhood radius (ϵ) and a minimum

number of points per cluster. The former parameter complicates analysis since the

appropriate cluster size cannot be known a priori. Instead, ϵ is often estimated through

heuristics that differ from experiment to experiment; as an example, refs. [252–255] all

use different methods to estimate ϵ. The use of DBSCAN is, thus, prone to introducing

subjectivity and bias into the results of cluster analysis [161]. In contrast, HDBSCAN,

the clustering algorithm used in this work, requires only the minimum number of points

per cluster—a parameter which, in the case of ACE-2 and SARS-CoV-2 spike protein,

is more readily estimated from biophysical studies described in the literature [115].

Despite these advantages, HDBSCAN is rarely mentioned in the context of SMLM

cluster analysis, with most literature focusing on DBSCAN [95, 157, 240]. Therefore, the

results in this chapter demonstrate the feasibility of using HDBSCAN for less subjective

and more reproducible cluster analysis.

A notable observation in this chapter was that addition of SARS-CoV-2 spike protein
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resulted in a decrease in cluster size and fewer ACE-2 receptors per cluster (Fig. 8.4).

Such an observation contrasts those recorded in refs. [256, 257] where it was shown

that addition of spike protein increased the cluster sizes of ACE-2 receptor, thereby

concentrating the spike protein to facilitate cell-cell fusion and pathogenesis. How-

ever, a comparison between these findings and this chapter is challenging because only

diffraction-limited microscopy was used in refs. [256, 257]. It may be possible that the

large clusters detected in the negative control simply corresponded to the normal organi-

sation of ACE-2 receptors—which may not have been detectable with diffraction-limited

techniques—and that the clusters detected after adding the spike protein correspond to

the concentrating of ACE-2 receptor and spike observed in refs. [256, 257]. It may

also be possible that the ACE-2 receptor clusters in the negative control were a conse-

quence of transfection-induced overexpression. As such, the negative control presented

in this chapter may be improved by labelling endogenously expressed ACE-2 receptor in

Calu-3 cells and carrying out cluster analysis to characterise the receptor organisation

prior to infection. Finally, it is possible that the detected clusters do not correspond to

true molecular clusters since the same fluorophore can undergo multiple photoswitching

events [161]. Therefore, the accuracy of the cluster analysis, and the conclusions derived

from them, may be improving through the use of algorithms that can correct for repeat

localisations from the same molecule [258].

Another observation in this chapter was that the cluster characteristics were similar at

all timepoints (Fig. 8.6). A possible explanation for this was that the timepoints did not

accurately capture the timecourse of infection. For example, a previous investigation

into the dynamics of SARS-CoV-2 infection using single-particle tracking found that

viral binding and internalisation took place over the course of ∼ 2–3 minutes [259, 260].

Similarly, a separate study found that spike protein was detected in cells within five

minutes [113]. The timepoints in this chapter, therefore, were unlikely to capture the

internalisation of the virus and instead, were more likely to capture the continual entry

of the SARS-CoV-2 spike protein into cells, resulting in similar clusters at all timepoints.

To examine viral internalisation more accurately, shorter time intervals ought to have

been used, an example of which could be 0 minutes–5 minutes with 1-minute intervals.

Such a modification would allow for the acquisition of more accurate cluster data at
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different stages of infection and internalisation.

The two-colour STORM and postprocessing methodology presented in this chapter could

be expanded to a more detailed investigation of SARS-CoV-2 infection and internalisa-

tion. For example, other proteins involved in endocytosis—such as microtubules, dy-

namin, and clathrin—could be imaged with the spike protein in a two-colour STORM

experiment. Applying the same analysis approach in this chapter could give quantita-

tive insights into the spatial organisation of these proteins during infection, providing

more detail into the mechanisms of SARS-CoV-2 infection. In addition, the biological

model for viral infection could be improved through the use of virus-like particles or

pseudoviruses [261, 262]. Both are designed to mimic the ability of live viruses to en-

ter and infect host cells but are unable to replicate. Using this infection model better

resembles the real biology of SARS-CoV-2 infection and internalisation compared to

using purified spike protein. Therefore, repeating the two-colour STORM imaging and

analysis presented in this chapter with this infection model could lead to more accurate

and more meaningful quantitative insights into the spatial organisation of viral and host

proteins during infection.

8.4.1 Conclusions

This chapter has presented an investigation into the internalisation of SARS-CoV-2 spike

protein using two-colour STORM, colocalisation analysis, and cluster analysis. The

cluster analysis approach presented advantages over current cluster analysis approaches

through its use of HDBSCAN over DBSCAN. Similar cluster analysis results were ob-

served from localisation data with and without denoising, demonstrating that SRD-

Trans is unlikely to affect the overall outcome of postprocessing analyses. Meanwhile,

two-colour STORM of ACE-2 receptor and SARS-CoV-2 spike protein revealed that

the clusters of ACE-2 receptor—formed before the addition of spike protein—decreased

in size following incubation with SARS-CoV-2 spike protein, possibly indicative of a

spike-protein-induced sequestering and concentration of ACE-2 receptor. However, lit-

tle difference in cluster characteristics was observed across the investigated infection

timepoints of 5 minutes, 15 minutes, and 30 minutes. Therefore, further studies with

earlier timepoints and with more biologically representative infection models are re-
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quired for more accurate insights into the spatial organisation of ACE-2 receptor and

SARS-CoV-2 during infection and internalisation.
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9 Summary, Conclusions, and Future Directions

SMLM is a powerful technique with which to examine biological systems, delivering

insights into the in situ spatial arrangement, organisation, and function of proteins at

resolutions beyond that of conventional fluorescence microscopy methods. However, the

application of SMLM to the life sciences still faces numerous challenges, as outlined in

Introduction: 1.3 under aims 1–4. The research presented in this thesis has examined

aspects of some of these challenges and attempted to address them.

The first aim of this thesis was to address the detrimental effect of sample drift in

SMLM. Because current methods of drift correction introduce additional experimen-

tal complexity, hampering reproducibility and accessibility, a novel ROCS microscope

design capable of negating drift purely through its mechanical construction was devel-

oped, as presented in Chapter 4. A systematic quantification of the lateral and axial drift

was carried out for conventional widefield microscopy of sub-diffraction-limited fluores-

cent beads, demonstrating that the ROCS microscope exhibited negligible mechanical

drift. Drift quantification from STORM of microtubules and NPCs revealed that the

extent of the lateral drift of the ROCS was similar to the mean localisation precision

of single-molecules. Furthermore, applying drift correction did not substantially alter

the resolution of super-resolution images—a feature unachievable even when using a

high-end commercial microscope—thus providing evidence that the ROCS was capable

of negating drift in SMLM such that drift correction was unnecessary. Further work

could focus on characterising the drift from PALM and DNA-PAINT image sequences,

acquired with the ROCS microscope, to provide guidance to more users of SMLM.

The second aim of this thesis was to extend prior work on mirror-enhanced SMLM

[40, 215] and implement further resolution enhancements. In Chapter 5, the resolution

increase from mirror-enhanced STORM corroborated the results from previous litera-

ture, with higher localisation precision and resolution achieved using a reflective layer

compared to conventional STORM. The results in Chapter 5 also presented some im-

provements compared to the original work. For example, the use of a fluorescent labelling
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method with lower linkage error improved the resolution of NPCs compared to the orig-

inal implementation. Further, the feasibility of mirror-enhanced STORM for imaging

intracellular proteins in whole cells—absent in the original work—was demonstrated.

In addition to adding a reflective surface, the application of SRDTrans, a denoising

algorithm, resulted in further resolution improvement, highlighting the viability of us-

ing reflective surfaces as a photonic platform for increasing the resolution in SMLM.

However, a key challenge that was identified was quantifying the degree of fluorescent

enhancement and tuning this to maximise photon collection in SMLM. Further develop-

ments should focus on methods to quantify the degree of fluorescent enhancement when

applying SMLM to intracellular proteins which would allow for greater control of im-

age acquisition and for mirror-enhanced fluorescence to be exploited fully for resolution

improvement.

The third aim was to assess the labelling efficiency of tagging intracellular proteins with

nanobodies in live-cells and to compare the outcomes to those from conventional cell fix-

ation and permeabilisation. The results in Chapter 6 demonstrated that vimentin could

not be labelled with dye-conjugated nanobodies when cell fixation and permeabilisation

occurred prior to the addition of nanobodies, with the expected filamentous structures

unobservable in widefield or STORM images. In contrast, delivering nanobodies either

by transfection with DNA encoding the nanobodies, or by introducing the nanobodies

into cells via Streptolysin-O-induced membrane pores resulted in visualisation of the ex-

pected filamentous structures. Improvements to STORM of vimentin were observed by

mutating the nanobodies such that the serine residue in the 7th position was mutated to

a dye-reactive cysteine. Further investigations of nanobody mutants with different posi-

tions of the dye-reactive cysteine showed that Alexa Fluor 647 conjugated to a cysteine

residue inserted at the N-terminus or C-terminus exhibited diminished photoswitching

compared to Alexa Fluor 647 conjugated to a SNAP-tag. The experimental evidence in

this chapter provides useful guidance to researchers looking to exploit fully the unique

capabilities of fluorescent labelling with nanobodies for SMLM. Subsequent work from

this chapter could focus on expanding the evaluation of STORM imaging outcomes

and photoswitching from nanobodies with different dyes and with different dye-reactive

cysteine locations.
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The fourth aim was to extend previous work on SRDTrans [81]—a deep learning de-

noising algorithm—to provide a more comprehensive and systematic evaluation of its

denoising capabilities. While a novel deep learning architecture (the vision transformer)

for denoising was presented in the original work, there was insufficient guidance on best

practices for training and applying the algorithm, insufficient evaluation of its ability

to denoise different types of noise, and insufficient evidence of the generalisability of

the algorithm to different biological samples and different microscopes. In Chapter 7,

a substantial extension to the original work was presented, wherein best practices for

training the denoising algorithm were established. Through a systematic evaluation of

denoising image sequences of microtubules, NPCs, and ACE-2 receptors, it was demon-

strated that denoising increases the number of detected molecules in SMLM, increasing

the resolution. Further investigations revealed that SRDTrans exhibits excellent denois-

ing when camera-based noise (shot noise, read noise, and amplification noise) is dom-

inant but exhibits worse performance if noise from unspecifically bound fluorophores

is high. Denoised localisation data also ought to be used with caution if estimations

of single-molecule fluorescence intensity, background intensity, or localisation precision

are critical for quantitative analyses since the denoising process changes these values

relative to their equivalents without denoising. Further work arising from this chapter

would address whether the vision transformer architecture presents improved denoising

relative to other deep learning architectures. Such an evaluation would provide useful

guidance to users of SMLM and researchers aiming to develop novel denoising algorithms

for SMLM.

Finally, the fifth aim was to apply the various methodological developments to a range

of biological samples. Nuclear pore complexes and microtubules were the primary focus

for benchmarking. However, work was also focused on gaining insights into the spatial

organisation of ACE-2 receptor and SARS-CoV-2 spike protein during infection and

internalisation. In Chapter 8, results were presented from colocalisation analysis and

cluster analysis from two-colour STORM localisations of the ACE-2 receptor and SARS-

CoV-2 spike protein that had been acquired with the ROCS microscope. The cluster

statistics revealed that cluster size and the number of ACE-2 receptors per cluster de-

crease upon addition of spike protein, and that cluster characteristics remained similar
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at the 5-minute, 15-minute, and 30-minute infection timepoints. Further work into viral

internalisation should focus on using the same experimental approach at more granular

timepoints—for example, 1.5 minutes, 3 minutes, and 4.5 minutes—to capture more

accurately the course of infection and internalisation. The work in this chapter may

also benefit from the implementation of virus-like particles or pseudoviruses to provide

a more realistic infection model.

Overall, the experimental work in this thesis has provided novel technology and new

insights into aspects of SMLM that are expected to benefit current SMLM users, as well

as provide useful guidance to researchers aiming to improve and develop methods in

SMLM.
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A Appendix

A.1 Selected Mathematical Definitions

In Chapter 2: Theory, several mathematical operations and functions are stated without

definitions. This section aims to lay out clear definitions for some of these.

A.1.1 2D Convolution

The convolution between two continuously valued functions, f(x, y) and, g(x, y) is given

by [263]:

f(x, y) ∗ g(x, y) =

∫ ∞

−∞

∫ ∞

−∞
f(s1, s2)g(x− s1, y − s2)ds1ds2 . (A.1)

Here, s1 and s2 are dummy variables that shift the function g(−x,−y).

For a digital image, Im(x, y), a discrete summation with a convolution matrix, K(x, y),

is used instead of an integral: [164]

Im(x, y) ∗ K(x, y) =
m∑

i=−m

n∑
j=−n

Im(m,n)K(x−m, y − n) . (A.2)

i and j are equivalent to s1 and s2 in Eq. A.1, and are defined along −m ≤ i ≤ m and

−n ≤ j ≤ n, respectively.

A.1.2 The error function

The error function is used to calculate the definite integral of a Gaussian function and

is defined as: [264]

erf(x) =
2√
π

∫ x

0
exp(−t2)dt . (A.3)
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A.1.3 Derivation of Equation 2.23

The equation described in Theory: 2.23 is a more useful way to calculate the Fisher

information matrix compared to Eq. 2.22 since the partial derivatives with respect to

θ are described in the literature [127, 265]. A derivation of Eq. 2.23 from Eq. 2.22 is

given here.

The Fisher information matrix, restated from Eq. 2.22, is given as:

Iij(θ) = E

[
∂ ln [L(Im(x, y) | θ)]

∂θi
· ∂ ln [L(Im(x, y) | θ)]

∂θj

]
, i, j ∈ {1, 2, . . . n} . (A.4)

The log-likelihood, ln [L(Im(x, y) | θ)], with minor modifications from Eq. 2.20 is given

as:

ln [L(Im(x, y) | θ)] =
∑

x,y ∈ Im

Im(x, y) ln [PSF(x, y,θ)] − PSF(x, y,θ). (A.5)

The modification from PSF(x, y |θ) to PSF(x, y,θ) reflects the use of values of θ wherein

best estimates have already been determined through maximimum likelihood estimation.

The partial derivative of Eq. A.5 with respect to θi is given by:

∂ ln [L(Im | θ)]

∂θi
=
∑ ∂PSF

∂θi

(
Im

PSF
− 1

)
, (A.6)

with explicit dependence on x, y,θ removed for clarity. Similarly, the partial derivative

with respect to θj is given by:

∂ ln [L(Im | θ)]

∂θj
=
∑ ∂PSF

∂θj

(
Im

PSF
− 1

)
. (A.7)

Substituting Eq. A.6 and Eq. A.7 into Eq. A.4 leads to:

Iij(θ) = E

[∑(
Im2

PSF2 − 2
Im

PSF
+ 1

)
∂PSF

∂θi

∂PSF

∂θj

]
. (A.8)

From Eq. A.8, a factor of 1
PSF2 can be pulled out from the term in round brackets,

followed by factoring, leading to:

Iij(θ) = E

[∑
(Im − PSF)2

1

PSF2

∂PSF

∂θi

∂PSF

∂θj

]
. (A.9)

Using the fact that the PSF is the expected value of the Poissonian model of photon

235



detection (Theory: 2.15), and that the variance for a Poisson distribution is defined as:

Var(Im) = E[(Im − PSF)2] = PSF , (A.10)

the Fisher information matrix can be written as:

Iij(θ) =
∑

x,y ∈ Im

1

PSF(x, y,θ)

∂ PSF(x, y,θ)

∂θi

∂ PSF(x, y,θ)

∂θj
. (A.11)

With the dependence of PSF on x, y,θ added back in, this equation is the same as that

of Theory: Eq. 2.23.

A.1.4 2D Fourier transform

The 2D Fourier transform, F (u, v) of a 2D function, f(x, y), is given by: [263]

F (u, v) =

∫ ∞

−∞

∫ ∞

−∞
f(x, y) exp [−2πi(ux + vy)]dxdy . (A.12)

For the discrete 2D Fourier transform, which is used for the Fourier transforms of images

in this work, u and v are defined along 0 ≤ u ≤ M − 1 and 0 ≤ v ≤ N − 1, respectively.

The formula is given as: [143]

F (u, v) =
M−1∑
x=0

N−1∑
y=0

f(x, y) exp
[
−2πi

(ux
M

+
vy

N

)]
. (A.13)
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A.2 Supplementary information for Chapter 3

Fig. A.1: ROCS microscope measurements of the FOI and pixel resolution. a
Brightfield image of a patterned microscope slide (Psyer Optics, S8) where the length between
two graticules is 10 µm. A blue line denotes the area over which the pixel resolution was
measured. The length of the scale bar is 200 pixels. b Widefield image of the FOI using a
camera exposure time of 3 ms and a power density of 20 W/cm2. The blue line denotes the
area over which the FOI was measured. Scale bar: 200 pixels. c Plot of intensity against
distance for the blue line shown in a. Zero on the x-axis denotes the furthest left of the line. d
Plot of intensity against the distance for the FOI shown in b. Zero on the x-axis denotes the
furthest left of the line.
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A.3 Supplementary information for Chapter 4

This section contains figures that were too lengthy for Chapter 4. The information

provided here does not change the conclusions of the chapter.

A.3.1 Additional drift trajectory plots

The remaining drift trajectory plots for the two remaining STORM experimental repeats

are shown here. For microtubules:

Fig. A.2: Drift trajectories of the second and third image sequences from STORM
of microtubules in Chapter 4 using the ROCS microscope and commercial
microscope. The format of the plots are the same as those in Fig. 4.7. The mean drifts are
given in Fig. 4.7c (ROCS microscope) and Fig. 4.7d (commercial microscope). a–b Drift
trajectories of the second repeat and third repeat, respectively, using the ROCS microscope.
c–d Drift trajectory of the second and third repeats, respectively, using the commercial
microscope.
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The drift trajectories for the NPC image sequences are:

Fig. A.3: Drift trajectories of the second and third image sequences from STORM
of NPCs in Chapter 4 using the ROCS microscope and commercial microscope.
The format of the plots are the same as those in Fig. 4.7. The mean drifts are given in Fig.
4.11c (ROCS microscope) and Fig. 4.11d (commercial microscope). a–b Drift trajectories of
the second repeat and third repeat, respectively, using the ROCS microscope. c–d Drift
trajectory of the second and third repeats, respectively, using the commercial microscope.

A.3.2 STORM images of remaining datasets

The super-resolution images from only the first image sequence were shown for Figs.

4.7, 4.8, 4.11, and 4.12. The remaining images for microtubules and NPCs, with the

ROCS and the commercial microscope, are shown here.
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Fig. A.4: Super-resolution images of the second and third datasets of microtubules
and NPCs acquired with the ROCS microscope. Scale bars: 5 µm. a Microtubule
datasets 2 (top) and 3 (bottom) without drift correction. b Same order as a, with drift
correction. c NPCs without drift correction. d NPCs with drift correction.
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Fig. A.5: Super-resolution images of the second and third datasets of microtubules
and NPCs acquired with the commercial microscope (Zeiss, Elyra PS.1). Scale bars:
5 µm. a Microtubule datasets 2 (top) and 3 (bottom) without drift correction. b Same order
as a, with drift correction. c NPCs without drift correction. d NPCs with drift correction.
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A.4 Supplementary information for Chapter 5

The reconstructions from the second dataset of STORM imaging of NPCs, with and

without mirror-enhancement, are shown here.

Fig. A.6: Reconstructions from the second dataset of STORM imaging of NPCs.
Scale bars: 5 µm. a Reconstruction without mirror-enhancement. b Reconstruction with
mirror-enhancement.
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A.5 Supplementary information for Chapter 6

This section contains the DNA sequences of VB3, VB6, the anti-GFP nanobody, and

the SNAP-tag. All sequences are listed from 5’ to 3’.

VB3:

CAGGTTCAGCTGGTTGAATCTGGTGGTGGTTCTGTTCAGGCGGGTGACT

CTCTGCGTCTGTCTTGCGCGGCGTCTGGTAACACCTTCTCTATCAAAGT

TATGGGTTGGTACCGTCAGGCGCCGGGTAAACAGCGTGAACTGGTTGCG

GTTTCTACCAACTCTGGTGCGTCTGTTAACTACGCGAACTCTGTTAAAG

GTCGTTTCACCATCTCTATCGACTCTGTTAAAAAAACCACCTACCTGCA

GATGAACTCTCTGAAACCGGAAGACACCGCGGTTTACTTCTGCAACGCG

TACGACGGTCGTTACGAAGACTACTACGGTCAGGGTACCCAGGTTACCGTTTCT

VB6:

CAGGTTCAGCTGGTTGAATCTGGTGGTGGTCTGGTTCAGTCTGGTGGTT

CTCTGACCCTGACCTGCGCGGCGTCTGGTTTCACCTTCTCTGCGGCGTC

TATGCGTTGGGTTCGTCAGGTTCCGGGTAAAGGTCTGGAATGGGTTGCG

ACCATCGACGGTACCGGTGCGAACTCTTACTACTCTGAATCTGCGAAAG

GTCGTTTCACCATCTCTCGTGACAACGCGCGTAACACCCTGCGTCTGCA

GATGAACAACCTGAAACCGGACGACACCGCGGTTTACTACTGCGCGAAC

TTCGGTCGTAACTACTGGGGTAAAGGTACCCAGGTTACCGTTTCT

SNAP-tag

TCAGGCGACAAGGACTGCGAAATGAAGCGTACTACTCTGGATAGCCCGC

TTGGTAAGTTGGAGCTGTCCGGCTGCGAGCAAGGGCTTCATGAGATCAA

ATTGTTGGGTAAGGGTACAAGTGCTGCGGACGCTGTAGAAGTCCCTGCA

CCCGCCGCTGTGCTTGGAGGTCCCGAACCTTTAATGCAGGCGACCGCCT

GGCTGAACGCCTACTTTCATCAGCCGGAGGCTATCGAAGAATTTCCCGT

CCCGGCTCTGCACCACCCTGTGTTTCAACAAGAAAGTTTTACTCGTCAG

GTCCTGTGGAAACTGCTTAAGGTAGTTAAATTTGGAGAGGTAATCTCGT

ATCAACAGTTAGCGGCCTTAGCTGGCAACCCGGCAGCCACAGCAGCTGT

AAAAACGGCGCTGTCTGGAAACCCTGTGCCAATTCTTATTCCTTGTCAT

CGTGTTGTATCAAGTTCAGGTGCTGTGGGCGGCTACGAAGGAGGATTAG

CCGTAAAGGAATGGTTATTGGCGCACGAGGGGCACCGTCTTGGAAAGCCGGGTTTGGGT
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Anti-GFP nanobody

GTACAGTTAGTTGAATCTGGTGGCGCTTTAGTACAGCCTGGTGGGTCCT

TACGCCTGAGTTGTGCTGCTTCGGGGTTCCCGGTTAATCGCTACAGCAT

GCGCTGGTATCGTCAAGCGCCTGGAAAAGAACGTGAATGGGTAGCCGGG

ATGTCGAGTGCCGGTGATCGCAGTAGCTACGAGGACTCCGTCAAAGGGC

GTTTCACCATTTCTCGCGACGACGCTCGTAACACTGTGTACTTGCAAAT

GAACAGCCTGAAACCCGAAGACACAGCAGTCTACTACTGTAATGTAAAT

GTAGGATTCGAGTACTGGGGCCAGGGAACGCAGGTAACGGTTTCGTCC

244



A.6 Supplementary information for Chapter 7

The reconstructions for the remaining datasets are shown here.

Fig. A.7: Super-resolution images of the remaining datasets of microtubules and
NPCs with and without denoising Scale bars: 5 µm. a Microtubule datasets 2 (top) and 3
(bottom) without denoising. b Same order as a, following denoising. c NPC datasets 1 (top)
and 3 (bottom) without denoising. d Same order as c, after denoising
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Fig. A.8: Super-resolution images of the remaining datasets of ACE-2 receptor
with and without denoising. Scale bars: 5 µm. a ACE-2 receptor datasets 2 (top) and 3
(bottom) without denoising. b Same order as a, following denoising.
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A.7 Supplementary information for Chapter 8

This section contains the sequences of ACE-2 receptor, and the SARS-CoV-2 spike

protein used in the chapter. The STORM images of the negative control with and

without denoising are also included.

ACE-2 receptor

ATGTCAAGCTCTTCCTGGCTCCTTCTCAGCCTTGTTGCTGTAACTGCTG

CTCAGTCCACCATTGAGGAACAGGCCAAGACATTTTTGGACAAGTTTAA

CCACGAAGCCGAAGACCTGTTCTATCAAAGTTCACTTGCTTCTTGGAAT

TATAACACCAATATTACTGAAGAGAATGTCCAAAACATGAATAATGCTG

GGGACAAATGGTCTGCCTTTTTAAAGGAACAGTCCACACTTGCCCAAAT

GTATCCACTACAAGAAATTCAGAATCTCACAGTCAAGCTTCAGCTGCAG

GCTCTTCAGCAAAATGGGTCTTCAGTGCTCTCAGAAGACAAGAGCAAAC

GGTTGAACACAATTCTAAATACAATGAGCACCATCTACAGTACTGGAAA

AGTTTGTAACCCAGATAATCCACAAGAATGCTTATTACTTGAACCAGGT

TTGAATGAAATAATGGCAAACAGTTTAGACTACAATGAGAGGCTCTGGG

CTTGGGAAAGCTGGAGATCTGAGGTCGGCAAGCAGCTGAGGCCATTATA

TGAAGAGTATGTGGTCTTGAAAAATGAGATGGCAAGAGCAAATCATTAT

GAGGACTATGGGGATTATTGGAGAGGAGACTATGAAGTAAATGGGGTAG

ATGGCTATGACTACAGCCGCGGCCAGTTGATTGAAGATGTGGAACATAC

CTTTGAAGAGATTAAACCATTATATGAACATCTTCATGCCTATGTGAGG

GCAAAGTTGATGAATGCCTATCCTTCCTATATCAGTCCAATTGGATGCC

TCCCTGCTCATTTGCTTGGTGATATGTGGGGTAGATTTTGGACAAATCT

GTACTCTTTGACAGTTCCCTTTGGACAGAAACCAAACATAGATGTTACT

GATGCAATGGTGGACCAGGCCTGGGATGCACAGAGAATATTCAAGGAGG

CCGAGAAGTTCTTTGTATCTGTTGGTCTTCCTAATATGACTCAAGGATT

CTGGGAAAATTCCATGCTAACGGACCCAGGAAATGTTCAGAAAGCAGTC

TGCCATCCCACAGCTTGGGACCTGGGGAAGGGCGACTTCAGGATCCTTA

TGTGCACAAAGGTGACAATGGACGACTTCCTGACAGCTCATCATGAGAT

GGGGCATATCCAGTATGATATGGCATATGCTGCACAACCTTTTCTGCTA

AGAAATGGAGCTAATGAAGGATTCCATGAAGCTGTTGGGGAAATCATGT

CACTTTCTGCAGCCACACCTAAGCATTTAAAATCCATTGGTCTTCTGTC

ACCCGATTTTCAAGAAGACAATGAAACAGAAATAAACTTCCTGCTCAAA

CAAGCACTCACGATTGTTGGGACTCTGCCATTTACTTACATGTTAGAGA

AGTGGAGGTGGATGGTCTTTAAAGGGGAAATTCCCAAAGACCAGTGGAT

GAAAAAGTGGTGGGAGATGAAGCGAGAGATAGTTGGGGTGGTGGAACCT

GTGCCCCATGATGAAACATACTGTGACCCCGCATCTCTGTTCCATGTTT
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CTAATGATTACTCATTCATTCGATATTACACAAGGACCCTTTACCAATT

CCAGTTTCAAGAAGCACTTTGTCAAGCAGCTAAACATGAAGGCCCTCTG

CACAAATGTGACATCTCAAACTCTACAGAAGCTGGACAGAAACTGTTCA

ATATGCTGAGGCTTGGAAAATCAGAACCCTGGACCCTAGCATTGGAAAA

TGTTGTAGGAGCAAAGAACATGAATGTAAGGCCACTGCTCAACTACTTT

GAGCCCTTATTTACCTGGCTGAAAGACCAGAACAAGAATTCTTTTGTGG

GATGGAGTACCGACTGGAGTCCATATGCAGACCAAAGCATCAAAGTGAG

GATAAGCCTAAAATCAGCTCTTGGAGATAAAGCATATGAATGGAACGAC

AATGAAATGTACCTGTTCCGATCATCTGTTGCATATGCTATGAGGCAGT

ACTTTTTAAAAGTAAAAAATCAGATGATTCTTTTTGGGGAGGAGGATGT

GCGAGTGGCTAATTTGAAACCAAGAATCTCCTTTAATTTCTTTGTCACT

GCACCTAAAAATGTGTCTGATATCATTCCTAGAACTGAAGTTGAAAAGG

CCATCAGGATGTCCCGGAGCCGTATCAATGATGCTTTCCGTCTGAATGA

CAACAGCCTAGAGTTTCTGGGGATACAGCCAACACTTGGACCTCCTAAC

CAGCCCCCTGTTTCCATATGGCTGATTGTTTTTGGAGTTGTGATGGGAG

TGATAGTGGTTGGCATTGTCATCCTGATCTTCACTGGGATCAGAGATCG

GAAGAAGAAAAATAAAGCAAGAAGTGGAGAAAATCCTTATGCCTCCATC

GATATTAGCAAAGGAGAAAATAATCCAGGATTCCAAAACACTGATGATG

TTCAGACCTCCTTT

SARS-CoV-2 spike protein

ATGTTCGTGTTCCTGGTGCTGCTGCCTCTGGTGAGCAGCCAGTGCGTGA

ATCTGACCACCAGAACCCAGCTGCCTCCTGCCTACACCAATAGCTTCAC

CAGAGGAGTTTATTATCCCGATAAGGTGTTCAGAAGTAGTGTATTACAT

AGTACCCAGGACCTGTTCCTACCTTTCTTCAGTAACGTGACCTGGTTCC

ACGCCATCCACGTGAGCGGCACCAATGGCACCAAGAGATTCGACAATCC

TGTGCTGCCTTTCAATGACGGCGTGTACTTCGCCAGCACCGAGAAGAGC

AATATCATCAGAGGCTGGATCTTCGGCACCACCTTGGATTCCAAGACTC

AGAGCCTGCTGATTGTAAACAACGCTACAAATGTGGTGATCAAGGTGTG

CGAGTTCCAGTTCTGCAATGACCCTTTCCTGGGTGTTTATTATCATAAG

AACAACAAGAGCTGGATGGAGAGCGAGTTCCGCGTATATTCGTCGGCTA

ATAATTGCACCTTCGAGTACGTGAGCCAGCCTTTCCTGATGGACCTGGA

GGGCAAGCAGGGCAATTTCAAGAATCTGAGAGAGTTCGTGTTCAAGAAT

ATCGACGGCTACTTCAAGATCTACAGCAAGCACACACCCATTAATCTGG

TGAGAGACCTGCCTCAGGGCTTCAGCGCCCTGGAGCCTCTGGTGGACCT
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GCCTATCGGCATCAATATCACCAGATTCCAGACCCTGCTGGCCCTGCAC

AGATCATATCTTACACCAGGCGATTCGTCAAGCGGTTGGACCGCTGGAG

CTGCGGCATATTACGTGGGCTACCTGCAGCCTAGAACCTTCCTGCTGAA

GTACAATGAGAATGGTACGATAACCGACGCAGTTGATTGTGCCCTGGAC

CCTCTGAGCGAGACCAAGTGCACCCTGAAGAGCTTCACCGTGGAGAAGG

GCATCTACCAGACCAGCAATTTCAGAGTGCAGCCTACCGAGAGCATCGT

GAGATTCCCTAATATCACCAATCTGTGCCCTTTCGGCGAGGTGTTCAAT

GCCACCAGATTCGCCAGCGTGTACGCATGGAACCGCAAGCGGATAAGCA

ATTGCGTGGCCGACTACAGCGTGCTGTACAATAGCGCCAGCTTCAGCAC

CTTCAAATGTTATGGTGTTTCGCCAACAAAGCTGAATGACCTGTGCTTC

ACCAATGTGTACGCCGACAGCTTCGTGATCAGAGGCGACGAGGTGAGAC

AGATCGCGCCAGGGCAGACCGGCAAGATCGCCGACTACAATTACAAGCT

GCCTGACGACTTCACCGGCTGCGTGATCGCGTGGAACTCTAACAATCTA

GATTCGAAAGTTGGAGGCAATTACAATTACCTGTACAGACTGTTCAGAA

AGAGCAATCTGAAGCCTTTCGAGAGAGACATCAGCACCGAGATCTACCA

GGCCGGCAGCACACCGTGTAATGGCGTGGAGGGCTTCAATTGCTACTTC

CCTCTGCAGAGCTACGGCTTCCAGCCTACCAATGGCGTGGGCTACCAGC

CTTACAGAGTGGTGGTGCTGAGCTTCGAGCTGCTGCACGCTCCCGCTAC

CGTGTGCGGCCCTAAGAAGAGCACCAATCTGGTGAAGAATAAGTGCGTG

AATTTCAATTTCAATGGTCTAACTGGAACGGGCGTGCTGACCGAGAGCA

ATAAGAAGTTTCTTCCCTTTCAACAATTCGGCAGAGACATCGCCGACAC

CACAGATGCTGTAAGAGACCCTCAGACCCTGGAGATCCTGGACATCACT

CCGTGTAGCTTCGGCGGCGTGAGCGTGATCACACCGGGTACCAATACCA

GCAATCAGGTGGCCGTGCTGTACCAGGACGTGAATTGCACCGAGGTGCC

TGTGGCCATCCACGCCGACCAGCTGACTCCCACTTGGAGGGTATATTCC

ACGGGAAGCAATGTGTTCCAGACCAGAGCCGGCTGCCTGATCGGCGCCG

AGCACGTGAATAATAGCTACGAGTGCGACATCCCTATCGGCGCCGGCAT

CTGCGCCAGCTACCAGACCCAGACCAATAGCCCTGGAAGCGCCAGCAGC

GTGGCCAGCCAGAGCATCATCGCCTACACCATGAGCCTGGGCGCCGAGA

ATAGCGTGGCCTACAGCAATAATAGCATCGCCATCCCTACCAATTTCAC

CATCAGCGTGACCACCGAAATATTACCAGTCTCCATGACCAAGACCAGC

GTGGACTGCACCATGTACATCTGCGGCGACAGCACCGAGTGCAGCAATC
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TGCTGCTGCAGTACGGCAGCTTCTGCACCCAGCTGAATAGAGCCCTGAC

CGGCATCGCCGTGGAGCAGGACAAGAATACCCAGGAGGTGTTCGCCCAG

GTGAAGCAGATCTACAAGACTCCGCCGATCAAGGACTTCGGCGGCTTCA

ATTTCAGCCAAATACTCCCAGATCCAAGCAAGCCTAGCAAGAGGAGCTT

CATCGAGGACCTGCTGTTCAATAAGGTGACCCTGGCCGACGCCGGCTTC

ATCAAGCAGTACGGCGACTGCCTAGGTGATATTGCGGCAAGAGACCTGA

TCTGCGCCCAGAAGTTTAACGGTTTGACAGTACTACCTCCTCTGCTGAC

CGACGAGATGATAGCACAATATACGTCGGCATTGCTCGCTGGCACGATC

ACATCGGGCTGGACTTTCGGCGCCGGAGCAGCGTTGCAAATCCCTTTCG

CCATGCAGATGGCCTACAGATTCAATGGCATCGGCGTGACCCAGAATGT

GCTGTACGAGAATCAGAAGCTGATCGCCAATCAGTTCAATAGCGCCATC

GGCAAGATCCAGGACAGCCTGAGCAGCACCGCCAGCGCCCTGGGCAAGC

TGCAGGACGTGGTGAATCAGAATGCCCAGGCCCTGAATACCCTGGTGAA

GCAGCTGAGCAGCAATTTCGGCGCCATCAGTAGTGTACTCAACGATATC

CTGAGCAGACTGGACCCGCCAGAGGCCGAGGTGCAAATTGATCGTCTTA

TTACTGGCAGACTGCAGAGCCTGCAGACCTACGTGACCCAGCAGCTGAT

CAGAGCCGCCGAGATCAGAGCCAGCGCCAATCTGGCCGCCACCAAGATG

AGCGAGTGCGTGCTGGGCCAGAGCAAGAGAGTGGACTTCTGCGGCAAGG

GCTACCACCTGATGAGCTTCCCTCAGAGCGCTCCACATGGCGTGGTGTT

CCTGCACGTGACCTACGTGCCTGCCCAGGAGAAGAATTTCACCACCGCA

CCCGCAATCTGCCACGACGGCAAGGCCCACTTCCCTAGAGAGGGCGTGT

TCGTGAGCAATGGCACCCACTGGTTCGTGACCCAGAGAAATTTCTACGA

GCCTCAGATCATCACCACCGACAATACCTTCGTGAGCGGCAATTGCGAC

GTGGTGATCGGGATAGTCAATAATACTGTCTACGACCCTCTGCAGCCTG

AGCTGGACAGCTTCAAGGAGGAGCTGGACAAGTACTTCAAGAATCACAC

CAGCCCTGACGTGGACCTCGGTGATATTTCGGGAATCAATGCCAGCGTG

GTGAATATCCAGAAGGAAATTGATCGGCTCAACGAAGTGGCCAAGAATC

TGAATGAGAGCCTGATCGACCTGCAGGAGCTGGGCAAGTACGAGCAGGG

ATCAGGTTATATTCCTGAAGCTCCAAGAGATGGGCAAGCTTACGTTCGT

AAAGATGGCGAATGGGTATTACTTTCTACCTTTTTAAGCTTGCTGAATG

ACATATTCGAGGCCCAGAAGATTGAATGGCATGAGAAACATCACCATCA CCATCAC
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A.7.1 STORM images of the negative control

Fig. A.9: Super-resolution images of the negative control of ACE-2-SNAP-ATTO
488. Scale bars: 5 µm. a Negative control without denoising. b Negative control with
denoising.

251


	Introduction
	Overview of super-resolution light microscopy
	Challenges facing single-molecule localisation microscopy
	Scope and organisation of the thesis
	Biological Imaging Applications

	Theory
	Single-molecule fluorescence
	Single-molecule imaging
	From single-molecules to super-resolution
	Resolution limit in SMLM
	Drift Quantification in SMLM
	Colocalisation and cluster analysis
	Denoising with a spatial redundancy transformer

	Methods
	Optical setup of ROCS-SMLM
	Microscope construction and characterisation
	Molecular Biology and Biochemical Methods
	Sample preparation and fluorescent labelling
	Conventional fluorescence microscopy
	STORM image acquisition
	Image processing and post-processing
	Single-molecule analysis
	Mirror-enhanced fluorescence imaging
	Denoising with a Spatial redundancy transformer
	List of Python packages

	Drift-free SMLM
	Overview
	Mechanical stability in conventional fluorescence microscopy
	Evaluating sample drift in ROCS-STORM
	Discussion and Conclusions

	Mirror-enhanced SMLM
	Overview
	Verification of Mirror-enhanced Fluorescence
	Mirror-enhanced STORM Imaging
	Combining mirror-enhancement with denoising
	Discussion and Conclusions

	Comparing Approaches to Fluorescent Labelling of Intracellular Proteins Using Nanobodies
	Overview
	STORM imaging of vimentin using purified nanobodies
	STORM imaging of vimentin labelled in live cells with nanobody-SNAP fusion proteins
	STORM imaging of vimentin labelled in live cells with streptolysin-O
	STORM imaging of vimentin with mutated nanobodies
	STORM imaging of NPCs with nanobody mutants
	Discussion and conclusions

	Evaluating Denoising in SMLM
	Overview
	Evaluating model training methods
	Evaluating denoising on microtubules
	Evaluating denoising on nuclear pore complexes
	Denoising with ACE-2 receptor
	Assessing denoising with a commercial microscope
	Assessing denoising on different types of noise
	Comparison of single-molecule photophysical parameters
	Further applications: tuning loss functions
	Discussion and conclusions

	Biological Imaging Applications—STORM of ACE-2 receptor and SARS-CoV-2 spike protein
	Overview
	Two-colour STORM of ACE-2 and SARS-CoV-2 spike protein
	Cluster analysis with denoised ACE-2 localisation data
	Discussion and conclusions

	Summary, Conclusions, and Future Directions
	References
	Appendix
	Selected Mathematical Definitions
	Supplementary information for Chapter 3
	Supplementary information for Chapter 4
	Supplementary information for Chapter 5
	Supplementary information for Chapter 6
	Supplementary information for Chapter 7
	Supplementary information for Chapter 8


