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Abstract 

 

 

 
 

Recently, techniques using plasmonic nanoparticles have increasingly 

merged into a wide range of applications. The strong wavelength depended 

enhancement of these noble metals and nanocrystals has made them 

favorable as optical and spectroscopic labels in many fields. However, until 

the present, a non-destructive characterization of plasmonic random media 

via optical methods is still absent. The aim of this thesis is to study how the 

randomness degree of particle properties in a plasmonic media affects the 

collective optical response of the media, and therefore, deduce a new optical 

characterization method that allows us to extract particle density and 

distribution of other physical characteristics (including but not limited to: 

particle orientation, compartmentalization and aggregation status) from a 

target sample. 

 

For this purpose, we hired Image Correlation Spectroscopy (ICS) as our 

means for plasmonic random media characterization. ICS is a famous 

characterization method for studying the dynamics of emitting-species in 

random configurations. It has been widely used to characterise receptors on 

biological cell membrane but has never been applied to plasmonic media, due 
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to the heavy quantum yield distribution of nanoparticles. In our study, we 

found the precision of ICS to be highly sensitive to the distribution model of 

particle characteristics. In other words, ICS could indicate particle 

characteristics by recording the fluctuation in quantum yield intensity. In this 

thesis, we utilized the percentage ratio between ICS calculated and manually 

counted particle density as an indicator to quantitatively record the distribution 

of our nanoparticle sample.   

 

To perform ICS on plasmonic random media, ICS precision should be 

examined among nanoparticle samples, via both simulations and experiments. 

For experimental measurement, nanosphere and nanorod samples were 

prepared using electron-beam lithography and spin coating methods. For 

simulations, nanoparticle-embedded matrixes were created by preset or 

randomly generated parameters. 

 

In order to prevent the analysis from being interrupted by environmental 

conditions, we examined how image quality would affect the precision of ICS 

analysis. We first verified the changes in ICS accuracy caused by the 

influence of variation in point spread function focal spot size and sample 

thickness. We then examined the effect of background noise, and whether the 

introduction of the noise correction equation minimized the effect.  

 

We then studied the effect of compartmentalization on ICS precision. 

Compartmentalization restricted the spatial distribution of particles. It turned 

the statistic model of particle distribution from Poissonian into other 

distribution models. We found that when particles were macro-



7 

 

compartmentalized, ICS precision followed the ratio between the 

compartmentalized area and the observed area; meanwhile, when particles 

were micro-compartmentalized, ICS precision was either magnified or 

understated, depending on particle concentration. 

 

We also studied the effect of scattered quantum yield distribution on ICS 

precision. We first tested ICS precision among nanorod samples with varied 

orientation distributions. We found that ICS precision was hooked to the 

orientation distribution model. Based on this fact, we proposed the 

characterization of nanorod orientation distribution via an ICS method. 

 

On the other hand, we also examined the response of ICS among 

confocal images of di-populated plasmonic cluster systems. We found if total 

particle concentration was fixed, an increase in the proportion of coupled 

particles would lead to an underestimation of ICS results. The decay of ICS 

precision with respect to the increase of aggregates ratio was dependent on 

inner-particle distance. With the aid of ICS, we successfully foundered pbICS. 

The method allowed us to extract aggregate densities through ICS results 

before and after partial bleaching; although, it provided no information about 

the aggregate status of particles. 

 

In order to extract more information about plasmonic cluster, we 

introduced high order image correlation spectroscopy (HICS). HICS is an 

auto-correlation of intensity squared or cubed images. By solving already 

available analytical expressions for peak values, information about densities 

of all cluster species could be obtained together with their scattered quantum 
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yield ratios. We then examined the change of HICS precision due to the 

variation of particle concentration, the quantum yield ratio between species, 

and signal to background noise ratio. We then developed the noise correction 

equation on high order autocorrelation function, and proposed the 

characterization of nanorod orientation distribution via a HICS method. 
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Chapter 1  
Introduction and Review on PRM & ICS 
 

lasmonics forms a major part of the fascinating field of 

nanophotonics, which explores how electromagnetic fields can be 

confined over dimensions on the order of, or smaller than, the 

wavelength. Plasmonics is based on the interaction between electromagnetic 

radiation and conduction electrons at metallic interfaces or in small metallic 

nanostructures, leading to an enhanced optical near-field of sub-wavelength 

dimension caused by the coherent oscillation of surface conduction electrons 

[1, 2].  

 

1.1 Introduction to Plasmonic Random Media  

1.1.1 Plasmonics surface plasmon polaritons 

Plasmon propagations can be classified based on the dimension of 

their confinement. In general, propagation of plasmon in zero-dimensional or 

one-dimensional metallic nanoparticles (NPs) is known as localised surface 

plasmons (LSPs), while the propagation of plasmon in two dimensional metal 
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films is known as surface plasmon polaritons (SPPs) [2]. In nature, SPPs is 

the collective excitation of a couple of states between photons and plasma 

oscillations at the interface between a conductor (metal) and an insulator 

(dielectric). In this case, the longitudinal motion of the electrons oscillates 

along the surface-plane, while the electromagnetic field, E, of the oscillation 

decays exponentially along the perpendicular direction, z, of the interface. For 

this reason, SPPs is sensitive to surface properties, and are responsible for 

surface-excitation phenomena such as surface enhanced Raman scattering 

[3], SPP localization [4] and extraordinary light transmission through 

nanoholes [5]. It should also be remarked that for SPP to be present, the 

absolute value of the wavenumber associated with the media must not be 

smaller than the light wavenumber in its neighbor media, due to SPPs' 

characteristic as an evanescent field [3].  

 

Now consider the interface between metal and dielectric medias. The 

electric field in such system can be expressed by: 

E(x, y) =  E e β∙ ∙ e ∙  

(1.1) 

 

Where x and y are the orthogonal directions parallel to the interface,  

is the wave vector in the direction of SPP propagation, and γ is the decay 

constant of the dielectric. The expression describes an electromagnetic mode 

that propagates along the interface in the x- direction with an exponential 

decay in the z-direction. In this expression, β and γ are derived through the 

use of Maxwell`s equations and the boundary conditions:  
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β =  
2π

λ

ε

1 + ε
 

γ =  β − k  

(1.2) 

 

Here, λ0 and k0 are the wavelength and the wavenumber of the incident 

light, representatively, and εm is the dielectric constant of the metal.  

 

Typically, the expression of SPP decay is one of the most important 

concerns in SPPs studies. As mentioned above, SPPs decay exponentially 

into each of the media.  

Usually, the decay of the propagation is described by the following SPP 

characteristics: 

The SPP decay constant in the metallic medium, γm: 

γ =  β − ε k  

(1.3) 

The SPP wavelength, ΛSPP: 

Λ =  
2π

β
 

(1.4) 

The SPP propagation length, LSPP, referring to the length along the 

surface on which SPP intensity decreases to 1/e of its initial value: 

L =  
1

2β
 

(1.5) 

For βim is the imaginary part of β. 
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And finally, the penetration depth, dmedium, refers to the length 

perpendicular to the surface at which the field amplitude decreases to 1/e of 

its initial value:  

d =  
1

γ
 

 (1.6) 

  

In reality, the distance of propagation is on the order of 10-100 m, and 

in the z-direction, plasmons evanescently decay on the order of 200 nm [6-8]. 

The interaction between the EM-waves confined on the metal surface and the 

molecular surface layer of interest results in a shift in plasmon resonance 

conditions. The phenomenon can be observed by either the resolve of angle 

of exciting beam, the shift of wavelengths or SPR imaging [6].  

 

 

1.1.2 Localized Surface Plasmons Resonance 

Absorption Cross Sections of Nanospheres 

In contrast to the SPPs, LSPs refer to the case where light interacts 

with any particles which structure size is smaller than the wavelength of light. 

In this case, no waves are able to propagate across the particle surface, but a 

plasmon oscillation occurs around the NPs instead. Under a number of certain 

conditions, the oscillation can come to a resonant, known as localised surface 

plasmons resonance (LSPR) [1, 9, 10]. Similar to SPR, LSPR is also sensitive 

to changes in local dielectric environments. Since the frequency of the 

absorption peak solely depends on the dimensions of the particle, the 

dielectric function of the material and its surroundings, we can obtain 
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information about the metal NPs and surrounding medium by analysing the 

locations of the LSPR peak. 

 

Generally, light-particle interactions can be described by ray optics or 

by the Mie theory [11]. The Mie theory is actually a solution of the Maxwell’s 

equations that poses right boundary conditions at the sphere’s surface as well 

as at infinity [12-14]. It provides a complete explanation for the scattering and 

absorption of electromagnetic radiation by spherical objects of arbitrary size.  

 

In order to calculate the absorption cross section of a particle, the 

dielectric function of the particle  must first be established. The dielectric 

function can be obtained using calculations of developed models (such as the 

Lorentz model and the Drude model) or by measurements. However, since 

theoretical models usually fail to accurately describe the complex electronic 

structure of metals, the measured dielectric function is often employed for 

respected calculations. At present, the measured values of dielectric function 

by Johnson and Christy [15, 16] are credited to be most reliable, thus these 

values are used in all calculations throughout this thesis. Note that these 

values are reliable for obtaining quantitative optical cross sections of 

nanospheres with radius between 5 nm and 50 nm. If the radius of the particle 

is outside of this range, the effects of electron surface scattering and radiation 

damping needs to be considered [16-18]. 

 

For a spherical particle located in any medium with dielectric 

function ϵ , Mie’s scattering coefficients are defined by 
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a =  
mψ′ (mx)ψ (x) − ψ (mx)ψ′ (x)

mψ′ (mx)ζ (x) − ψ (mx)ζ′ (x)
 

b =  
ψ′ (mx)ψ (x) − mψ (mx)ψ′ (x)

ψ′ (mx)ζ (x) − mψ (mx)ζ′ (x)
 

(1.7) 

Where x = ϵ kR, and m = ϵ /ϵ . 

 

In the above equation, k denotes the wave number, R denotes the 

radius of the sphere, ψ  and ζ  are the Riccati Bessel functions of order n, 

and the prime denotes the differentiation of these functions [1, 14]. The 

scattering cross sections are then given by 

 

σ =  
2π

k
(2n + 1)(|a | + |b | )

∞

 

(1.8) 

 

And the extinction cross sections are given by [1, 14] 

 

σ =  
2π

k
(2n + 1)Re(a + b )

∞

 

(1.9) 

 

The absorption cross section can then be obtained through the relation 

 

σ =  σ − σ  

(1.10) 
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a) b) 

 
 

 
▲Fig 1.1a) Absorption cross sections of gold nanospheres with varying radius. An 
increase in the spheres’ radius enhances the scattered quantum yield intensity and also 
introduces a red shift on the LSPR peak. b) Angular dependency of a gold nanosphere 
with respect to varying directions of polarization.  

 

Fig 1.1a shows the absorption cross sections of gold nanospheres 

using Eq. 1.10. The dielectric constant of the medium is set to 2.25. Fig 1.1b 

plots the angular dependency of a gold nanosphere with respect to the 

varying directions of polarization. Since nanospheres are symmetrical, it is not 

surprising that nanospheres are insensitive to the polarization effects of the 

input beam. 

 

Absorption Cross Sections of Nanorod 

Now consider a smooth nanorod shaped after a prolate spheroid, with 

three semi-axes symbolized by a, b and c, while a > = . Also, assume that 

this particle is an ideal dipole and the lengths of the semi-axes of the particle 

are much smaller than the wavelength of the incident light source . The 

polarizability in a field parallel to one of the principal axes of the particle can 

be expressed by [14] 
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α = 4πabc
ϵ − ϵ

3ϵ + 3L (ϵ − ϵ )
 

(1.11) 

 

Where p = (a, b, c) represents the polarization of the incoming field parallel to 

the respective principal axes. To describe the shape of the particle, 

geometrical factors along the three axis of the a rod is given by  

 

L =
1 − e

e
−1 +

1
2e

ln
1 + e
1 − e

 

L = L =
1 − L

2
 

 (1.12) 

 

Where e is the eccentricity of the particle given by e2=1-(b/a)2. The optical 

cross sections of the particle along the p-axis can then be expressed by  

 

σ = k Im(α ) 

σ =
k
6π

α  

σ = σ − σ  

(1.13) 

 

Where σ , σ  and σ  are the extinction, scattering and absorption cross 

sections of the rod respectively. Fig 1.2a below shows the absorption cross 

sections of gold nanorods with varying aspect ratios. The dielectric constant of 

the medium is set to 2.25.   
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a) b) 

▲Fig 1.2a) Absorption cross sections of gold nanorods with varying aspect ratios. An 
increase in the rods’ aspect ratio results in enhancement in the scattered quantum yield 
intensity together with a red shift on the LSPR peak. b) Angular dependency of gold 
nanorods with respect to varying directions of polarization. 

 

The angular dependency of gold nanorods with respect to varying 

directions of polarization is illustrated in Fig 1.2b. Unlike nanospheres, 

nanorods are polarization sensitive.  When the orientation of a rod parallels 

the polarization direction φ, the light intensity scattering I0 is maximized. When 

the orientation and polarization direction depart from each other, the intensity 

of the scattered light follows the cosine-squared value of the angle in 

between. Mathematically, the scattered light intensity of the rods (I) can be 

expressed by [19] 

 

I = I cos (ϕ − θ) 

(1.14) 

 

Orientation of the rods is one factor contributing to randomness. More 

details is discussed later in Section 5.1. 
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1.1.3 Plasmonic Random Media  

The term Plasmonics Random Media (PRM) can refer to any metallic 

NPs that are randomly oriented and located inside a dielectric matrix at 

varying concentrations. In these applications, the location and orientation of 

every NPs are unavoidably affected by the random Brownian motions of 

particles within the solution. As seen in the previous section, the deposition of 

NPs or the growth of AuNPs in the polymer matrix are types of PRM, in which 

uncontrollable orientation of NPs can result in different phenomena, such as 

giant local field enhancement or plasmon band shift, couplings, resonances 

and electron transports… etc [21-26]. All these phenomena affect the 

plasmonics of the material used.  

 

The importance of plasmonics had shown increasing significance since 

the early 2000s. Plasmonic studies have gained enormous interest in the last 

decade due to its high sensitivity and ability to drive light fields on a nanoscale 

[14]. Since the optical response of these particles can easily be controlled by 

tuning the shape, size, the composition of the materials involved in the system 

[10, 11, 20], it had been widely applied in areas such as bio-cell labelling, 

energy, high-density data storage, life sciences and security.  Recently, 

plasmonic particles or structures are sometimes combined with other 

technologies, such as integrated photonic chips or integrating photonics with 

silicon electronics on a fully compatible platform [27]. The technology has also 

been applied to the manufacture of interior construction material such as 

window glass [28] and protectoral paints [29, 30]. Realizing that the promotion 

of plasmonics is a burning issue in global industry, governments and leading 
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industrial companies are trying to associate the research with the market. For 

example, the European Commission has identified the exploitation of new 

plasmonics materials and their associated fabrication technologies as one of  

Europe's priority areas for investment in generic technologies [31]. According 

to the National Nanotechnology Research Strategy published by the 

Australian Academy of Science in December 2012, to exploit novel properties 

of plasmonic meta-materials and to design new plasmonic structures are two 

of the selected areas of nanoscale research activity and computation in 

Australia [32]. 

 

 

 

 Fig 1.3 Number of 

papers about plasmonic 

research published per 

year between 1990 and 

2010 [33]. According to 

statistics, by 2001, there is 

a five times increase in the 

number of articles since 

1990. However, by 2010, a 

six times increase had 

occurred, indicating that 

plasmonics has become 

one of the fast-growing 

fields of research in nano-

optics. 
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Nevertheless, due to the random nature of plasmonic particles, the 

commercialization of plasmonic devices is hindered by the two following 

factors: 1) the lack of non-destructive optical characterization method of 

plasmonic random media (PRM); and, 2) interruption from noise signals due 

to the random nature of the media. As a consequence, the manufacture of 

PRMs requires precise and sensitive control of raw materials in nanoscale. 

Thus, different PRM characterization methods are employed during the 

process of PRM fabrication to facilitate quality control and failure analysis. For 

example, X-Ray diffraction (XRD) and Small-angle X-ray scattering (SAXS) 

are applied to identify the atomic and molecular structure of crystals in 

nanoscale, while nanoindentation is introduced in order to investigate 

the mechanical properties of materials. On the other hand, electron 

microscopy and scanning probe microscopy are developed to capture fine 

local images at selected regions of the media. Scanning electron microscopy 

(SEM) and transmission electron microscopy (TEM) are promising electron 

microscopy techniques that images the surfaces of target samples by using a 

beam of accelerated electrons as a source of illumination, while atomic force 

microscopy (AFM) and scanning tunneling microscope (STM) belong to the 

branch of scanning probe microscopy that forms images of the examined 

samples’ surfaces by raster scanning it using a physical probe. Beside these 

two main branches, other schemes such as nanoindentation, field ion 

microscopy (FIM) and three dimensional atom probe (3D AP) tomography, are 

also widely used in nanoscale characterization.  

 

Although many plasmonic applications mainly rely on nanoparticle-

deposited PRMs, research on the fundamental understanding of basic PRM 
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properties has rarely been brought out so far. The aim of this thesis is to study 

how the random nature of PRM affects its plasmonic responses, and to 

develop methods to characterize the random properties of PRM.  

 
 

1.1.4 Random Factors in PRM 

This section focuses on the difficulties of PRM characterization due to 

random orientation distribution, plasmonic couplings and 

compartmentalization. 

 

a) b) c) 

  
 

▲Fig 1.4 Conceptual illustrations of random factors in PRMs: a) random orientation, b) 

random plasmon coupling, and c) compartmentalization. 

 

Random Orientation 

The optical response of the nanorods experience cosine fits on 

polarization dependency. The cross section of a nanorod impeded by a 

polarized light at the angle  from the longitudinal axis is given by Eq. 1.14. In 

our study, random orientation samples of nanorods are simulated by 

assigning a randomly generated angle to each individual particle (Fig. 1.4a).  

The variance in scatter intensity fluctuation due to different orientation 

distribution models of the entire sample is analyzed. 
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Plasmon Coupling Effect 

Plasmon coupling between two identical plasmonic nanospheres (or 

nanorods) of diameter D with interparticle separation d is described by the 

universal plasmon ruler equation [6, 34, 35] 

 

 

(1.15) 

 

Where A is the maximum fractional plasma resonance shift, and τ is the decay 

constant. Although this equation is promising for large separations, it fails to 

predict the coupled plasmon with short interparticle distances [36]. This is due 

to the competition of coupled plasmon energy among the interparticle 

columbic restoring force on displaced electron clouds [37]. Later in 2011, a 

modified version of the plasmon ruler equation was introduced by B. Xue 

and S. P. Harold [38]. In this modified version, the d/D term is replaced by 

(Vgap/VNP)1/3, where Vgap and VNP represented the volume of the gap region 

and of the nanoparticles respectively 

 

∆λ

λ
= A exp –

(V /V ) /

τ
 

(1.16) 

For dipole, quadrupole, and octupole, c = 3, 5, 7 respectively. 

 

 

 

 













 Dd
A

/
exp
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a) b) 

c) d) 

  
 
 
▲Fig 1.5 Simulated FDTD spectrums of coupled gold nanosphere dimers with each 
single-particle diameter equalling to a) 40 nm and b) 80 nm; c) and d) are their relevant 
plasmon resonance peak shift with respect to the inter-particle separation/ diameter ratio.  

 

 

In order to study the effect of plasmon couplings, finite-difference time-

domain (FDTD) analysis is conducted using Lumerical Solutions 7.5 to 

simulate plasmon couplings of 80 & 40 nm diameter AuNS dimers. In weak 

coupling regimes (separation ≥ 200 nm), the LSPR peak of the particles was 

red-shifted as the interparticle separation expectedly decreases. By fitting A =

1.13  and τ = 0.23  (as suggested in previous records) [39, 40], red-shift 

matches the predictions of the modified plasmon ruler equation (Fig 1.5b). At 

the same time, multiple peaks appear in strong coupling regimes (separation 

< 200 nm) due to hybridization of plasmon energy, with peaks overlapping in 

the same locations (around 560 nm) as weak coupling regimes.  
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Our simulated results are comparable to the published results [39, 40]. 

In strong coupling regimes, multiple peaks appear as they attribute to the 

hybridization of plasmon energy; in weak coupling regimes, local peaks are 

located at almost identical positions with respect to that of the monomers. 

Through observing plasmon coupling effects of AuNP clusters with different 

separations and geometries, their total scattering spectrum can be integrated. 

The result is supported when determining AuNP interaction in any high 

concentrated PRM. 

 

Compartmentalization  

Unlike random variations in size, orientation and couplings, particle 

compartmentalization does not influence the scattered quantum yield (QY) of 

any individual particle, but restricts the spatial location of signals among the 

sample area.  

In recent years, attention on the organization of metal and 

semiconductor nanoparticles in two- and three-dimensional superlattices has 

increased significantly [41-49]. It is reported that, when nanoparticles sit in 

ordered arrays, novel collective properties can be produced as a result of joint 

interaction of each individual particle [41, 50]. As a result, the ordered self-

assembly of nanoparticles has become a new topic of nanotechnology in the 

last two decades [51-54]. Although the need for the technique has risen 

rapidly, monitoring of the assembly process is limited to TEM and SEM so far. 

Therefore, a strong demand for an effective and low-cost monitoring method 

for self-assembled nanoparticle arrays is foreseen to rise up in the very near 

future.  
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1.2 Major Applications of Plasmonic Random Media  

In the past decade, technologies applying LSPR have greatly 

developed in multiple areas and fields, such as optical data storage, biological 

imaging and sensing, sub-wavelength optical devices, photonic chips, 

catalysis and enhanced Raman spectroscopy.  

The following gives a brief introduction to the application of LSPR 

technologies in optical data storage and biological sensing. 

 

Optical Data Storage  

In recent years, the development of optical storage technologies has 

entered a new generation [55]. In order to fulfil the rapid growth in the demand 

for massive data storage capacity, high-capacity recording methods and 

media, such as multi-level recording [56], holographic data storage [57, 58], 

layer-selection-type recordable multi-layer optical disk [59-61] and protein-

coated disk [62] has been developed. In 2009, the Five Dimensional Optical 

Storage Method was innovated by Zijlstra et. al [13]. The method aims to 

improve volumetric utilization in recording media by applying the localized 

surface plasmon resonance (SPR) property of gold nanorods (AuNRs). In the 

paper, Zijlstra et. al demonstrate the way in which multiple information is 

recorded at every point located within a three-dimensional array. According to 

their calculation, the final product offers a ten-fold increase in recording layers 

at the size of a DVD (12 cm in diameter), with a disc capacity of 1.6 TB.  

 

Biological Sensing 

In previous decades, plasmonic nanoparticle has generated interest in 
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biologists due to its tunable optical properties. The use of gold nanorods as 

the probe in multiplex biosensors has arisen [63, 64]. These properties enable 

gold nanoparticles to be applied in cellular tissue imaging, particularly in 

confocal microscopy [65], dark field imaging [66-68], two photon 

luminescence [39, 69, 70], phase sensitive optical coherence tomography [71] 

and photo acoustic imaging [72-81]. Owing to their shape, nanospheres, 

nanorods, nanodisks, and nanoshells are used to detect DNA-DNA [82-84], 

DNA-Protein[85] and Protein-Protein binary interactions [86]. Moreover, as 

reported by various research groups [34, 36, 87-89], the plasmon ruler 

(Eq.1.15) is employed as a mean to measure and monitor the dynamic 

distance between biological macromolecules in nanoscale regimes.  

 

Nanoparticle clusters are also exploited to probe into membrane 

protein on cell surfaces. In 2009, the Sokolov Group successfully attached 

nanoparticles on receptors, and monitored cell activities using plasmon 

coupling signals inside the cell [40]. Similarly in 2011, the Reinhard Group 

demonstrated how they attached Anti-EGFR antibody conjugated nanoparticle 

clusters into EGFR protein expressing cells [90]. By doing so, they were able 

to probe into membrane protein by observing plasmon couplings of the 

aggregates on cell surfaces.  

 

The application of plasmonic particles in bio-sensing has high future 

potentials and has gained great interest in the research field. Under these 

circumstances, the call for non-destructive characterization of PRM turns out 

to be significant. 
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1.3 Characterization of Plasmonic Random Media  

Currently, there is a lack of non-destructive optical characterization 

methods available to characterize PRM. Here, we introduce a new method to 

characterize the randomness of physical characteristics in PRM with the aid of 

image correlation spectroscopy. The method is non-destructive, and can be 

applied on any CLSM images recorded from different PRM samples. In this 

section, we will demonstrate how the method can be applied in the 

characterization of orientation distribution, aggregation status and degree of 

compartmentalization among gold nanosphere/ nanorod embedded samples. 

 

 

a) b) 

 
 
 
▲Fig 1.6 CLSM images of a) low concentration, and b) high concentration gold nanorod 
embedded sample. The scan size of both images are 40m x 40m. In the low 
concentration regime, properties of the sample size (particle densities, size, orientation, 
and aggregation states) can be determined by a manually measured spectrum of each 
bright spot; however, in the high concentration regime, the spectrum overlaps each other 
and cannot be measured individually. In this thesis, we will demonstrate how ICS can 
extract information about the properties of the particles embedded within the observed 
area. 
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1.4 Image Correlation Spectroscopy 

1.4.1 Introduction of Image Correlation Spectroscopy 

Image correlation spectroscopy (ICS) a variation of fluorescence 

correlation spectroscopy (FCS). FCS is an experimental approach introduced 

by Magde, Elson, and Webb in 1972 [91], which makes use of correlation 

analysis of fluorescence intensity fluctuations to describe the dynamic 

molecular events in a given observed area. Initially, the technique was 

developed to measure the chemical rates of binding-unbinding reactions in 

equilibrium systems [91, 92]. Through laser microscopy setups, intensity 

fluctuation signals of fluorescent molecules are recorded by moving a small 

piece of observation volume in and out. By correlating these signals in the 

time domain, FCS extracts information about the kinetics of the system, as 

well as the mean number of fluorescent molecules inside the observed 

volume. The technique is sensitive to molecular aggregation, and is potentially 

available for characterization of multiple-species biological systems [37, 93-

96]. 

 

As an extension of FCS, Scanning fluorescence correlation 

spectroscopy (S-FCS) has been introduced in order to measure discussions 

and flow rates of aggregates on biomembranes [97]. By moving a sample 

under a high-resolution fluorescence microscope, the fluorescence emitted 

from the aggregates are recorded in the form of a position-intensity profile 

across the cell. Through spatial correlation analysis on these signal profiles, 

S-FCS yields the average number of fluorescent molecules present within the 
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beam area. By accounting the total fluorescence intensity, one can estimate 

the number of monomers per cluster within the observed volume [98]. 

 

Even though FCS and S-FCS are promising for measuring transport 

properties of cell macromolecules on a time scale from microseconds to 

seconds, they experience difficulties in measuring slow membrane protein 

transport [99]. Since signal-to-noise ratio (SNR) in FCS experiments hook up 

to square root of the measured independent fluctuations [37, 100-102], a long 

acquisition time is required in order to collect valid statistical results for slow-

moving membrane proteins. Meanwhile, the cell can move out of beam focus 

or change its biological state. 

 

In order to achieve measurements on slow membrane transport 

properties and their protein distribution, S-FCS has further evolved into image 

correlation spectroscopy, associated with raster scanning techniques via 

confocal laser scanning microscopy [103-105]. The primary feature of ICS is 

its short time scale for analysis when compared to that of S-FCS, due to the 

massive data points collected in each sample. At the same time, the 

technique enables optical sectioning capabilities among different depth of 

focus. Since ICS is more precise and faster at acquiring data, it is widely 

applied on living cell and macromolecular aggregation measurements [106, 

107].  

 

One of the ultimate goals of biophysical research is to identify the 

structure as well as to characterize the dynamic function of the smallest level 

of macromolecular units among various biological systems. FCS and ICS are 



34 

 

two of the only few fluorescence microscopy based techniques that allow 

quantitative characterization of extremely low concentrations of biomolecules 

with high temporal and spatial resolution. The technique is then further 

evolved into many advanced versions and applications, such as Spatio-

Temporal ICS (STICS)[108], Raster ICS (RICS)[109], k-space Image 

Correlation Spectroscopy (kICS) [110], and Image Cross-Correlation 

Spectroscopy [106]. 

 

 

1.4.2 Theory of Image Correlation Spectroscopy 

While FCS accounts for average molecular dynamics at a stationary 

illumination volume, ICS accounts for the time-spatial ensemble average of 

the fluorescence fluctuations in the scan regions recorded from different parts 

of the system. As long as the system is ergodic, both of the approaches 

provide the same information about the number of independent fluctuations. 

Since a higher amount of data is accounted in ICS then in FCS, the former 

can reduce the contribution of background signal during the analysis coming 

from the increase in recording-area, but at the same time it also reduces the 

temporal resolution due to the increase of recording-time. 

 

In ICS analysis, the fluctuation of luminescence intensity must first be 

accounted for. At a particular position (x, y) and a given time t, the fluctuation 

of luminescence intensity i is given by: 

 

( , , ) = ( , , )−< > 

(1.17) 
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where <i> is the spatial-temporal average value of luminescence intensity.  

After acquiring i, intensity fluctuation correlation analysis can be 

performed on the image series using an autocorrelation function. The full 

space-time autocorrelation function of ICS is given by:  

 

 

( , , ) =
< ( + , + , + ) ( , , ) >

< >
 

(1.18) 

 

Where ,  and  are spatial and time lag variables. Since we are 

dealing with stationary samples in our studies, we can ignore the time interval 

between the images and only consider the two-dimensional spatial 

autocorrelation function:  

 

( , ) =
< ( + , + ) ( , ) >

< >
 

(1.19) 

 

By definition, one of the significant features of the autocorrelation 

function is in the variance of the initial intensity fluctuation, ( , ) is equal 

to its peak magnitude at the centre of the function: 

 

( , ) = lim
, →

( , )= (0, 0) 

(1.20) 
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Following statistical mechanics [111], if the distribution of spatial 

location of luminescent particles is Poissonian, the variance of the intensity 

fluctuation should be inversely proportional to the mean number of 

independent luminescent particles N0 within the observation volume (i.e. in 

the laser illumination beam area in our case). Thus the zero lags value of the 

autocorrelation function can act as a direct measure of the density of 

luminescent particles: 

 

(0, 0) =
< [ ( , )] >

< >
=  

1
< >

 

(1.21) 

 

 
 

 
 
▲Fig 1.7 Conceptual scheme of ICS. For any scanning image containing N0 emitting 
particles, an autocorrelation function can be generated by correlating the image with 
itself. The function itself accounts for the intensity fluctuation of the emitting signals within 
the scanning area, while the function’s peak value, g (0, 0), is equal to the inverse of the 
expected mean particle number per beam area.  The expected number of particles within 

the entire image, NICS can then be obtained by the equation
 

 
 x 

( , )
. If ICS 

NVariance
g

11
)0,0( 

 

⊗ 

 

Autocorrelation Function 

g(0, 0) 
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performs at 100% accuracy, N0 will be equal to NICS. 

In practice, for any discrete set of data, the autocorrelation function can 

be calculated directly by a two-dimensional summation equation: 

 

( , ) =
(1/ ) ∑ ∑ ( , ) ( + , + )

[(1/ ) ∑ ∑ ( , )]
− 1 

(1.22) 

 

Where Lpix is the length of the image in pixels. In contrast, an 

autocorrelation function can also be obtained by using a two-dimensional 

Fourier transform algorithm: 

 

g(ξ, η) =
F [F (x, y) F∗ (x, y) ]

< (x, y) >
− 1 

(1.23) 

 

Where I(x,y) denotes the image intensity matrix, F denotes the Fourier 

transformation, F-1 denotes the inverse Fourier transformation, and F* 

denotes the complex conjugate of the transformation.  

 

Due to the fact that the pixel size of a scanning image is much lower 

than the illuminating beam area, the beam unavoidably introduces some 

spatial correlation between neighboring pixels. Thus, for any experimental ICS 

measurement, the spatial autocorrelation function will always be a Gaussian 

shape which reflects the point spread function profile of the scanning beam 

[104]: 
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( , ) = (0, 0) −
( + )

+  

(1.24) 

 

Wherexy is the full-width-half-maximum of the spatial autocorrelation 

function, and g is the offset for accounting spatial correlations at infinity. 

 

At present, ICS is recognized as one of the most commonly used tools 

for extracting dynamic information in living cell and macromolecular 

aggregation studies. However, the method has never been applied in other 

aspects due to its rigorous preconditions. If the properties of the test subject 

go against these preconditions, errors emerge during analysis and hinder 

ICS’s ability to provide accurate results. In the following sections, we briefly go 

through the preconditions of ICS and reveal how these analytic errors of ICS 

can be utilized on PRM characterization.  
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▲Fig 1.8 Gaussian fitting (red line) on a cross section of the autocorrelation function of a 
simulated CLSM image at the plan x=0 (blue dots). The spatial autocorrelation function is 
Gaussian in shape, reflecting the profile of the point spread function of the scanning 
beam. 
 
 
 

 
 
 
▲Fig 1.9 Precision of ICS with respect to varying particle concentration. Each data on 
the plot accounts the <NICS>/N0 ratio of 500 simulated CLSM images of gold nanosphere 
samples, with varying concentration from 0.01 to 10 particles per beam area. The 
position of each particle is randomly distributed, and the scattered quantum intensity of 
each particle is identical. The result indicates that ICS is 100% accurate when the 
conditions of the analysis are fulfilled.  
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1.5 ICS Performance on PRMs 

The foundation of ICS is based on the inverse relationship between 

( , )  and N0, following statistics mechanics. This relationship only 

stands when the following conditions are fulfilled: 

 

i. The spatial distribution of the emitters is Poissonian (i.e. perfectly 

random); and 

ii. The emitters’ QY is fixed, and there is no interaction between the 

emitters.  

 

The first condition guarantees the validation of the equations deduced 

from probability theories, while the second condition promises that the QY of 

each individual particle is uniform and discrete. When either of these 

conditions fail, the number of particles per BA calculated by ICS, NICS, is 

drawn apart from the original number, N0. In other words, NICS/N0 no longer 

equals to 1.  

 

So far, ICS has only been applied on cell biology [103, 108, 112], but 

has never been applied to PRM analysis. The main reason behind this is 

because the peak location of SPR is strongly dependent on 1) the 

characteristics (such as shape, aspect ratio and orientation) or 2) couplings 

[23] of NPs. Due to the above, the scattered QY of each NPs is no longer 

unique, and thus breaks the conditions for ICS application. Additionally, some 

applications require the NPs used in PRMs to be aligned or organized, which 

also hinder ICS performance and lead to the failure of the analysis. 
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In our studies, we employed the ratio NICS/ N0 as an indicator for PRM 

characterization, and developed a list of analytical tools to help us 

characterize PRM samples. For PRMs, spatial limitation can be classified in 

terms of macro- and micro- compartmentalization, while the QY of each 

particle depends on the material of which it is made, its shape, size, 

orientation and degree of couplings. These properties do not fulfill ICS 

conditions and are therefore problematic when applying ICS for PRM. In the 

following section, we will focus on the effect of plasmon coupling, orientation 

and compartmentalization on the precision of ICS. 

 

 
▲Fig 1.10 Conceptual scheme of how random factors affect ICS performance. For ICS 
to perform with 100% accuracy, nanoparticles must be randomly distributed (following a 
Poissonian distribution) within the scanning area, and the scattering QY from each 
nanoparticle must be identical (left). If the particles scatter equal amount of QY and are 
well aligned in the scanning area (upper middle), the autocorrelation function will appear 
as a strip-pyramid (upper right). In contrast, if the particles scatter random amounts of 
QY and are randomly distributed in the scanning area (lower middle), the autocorrelation 
function will appear similar to that of conventional g(0,0) but with all values magnified 
(lower right). The core idea of the new characterization method introduced in this thesis 
is to extract statistical information of nanoparticle characteristics and spatial arrangement 
through observing the shape and peak value of the images' autocorrelation function. 
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Chapter 2  
Method 

 

here were many degrees of randomness in the sample. Position, 

orientation, coupling between emitters and aggregation all 

contributed to randomness, and for low concentration samples, this 

information was extracted easily from optical images. However, it 

was much more challenging to do so from high concentration 

samples.  

 

To characterize the randomness of a particular physical property of a 

PRM, we must first define “randomness”. To be precise, we had to define the 

stages when PRM is “perfectly random” and “perfectly organized”, and 

quantify the evolutionary steps in between. As mentioned in the last chapter, 

the precision of ICS is hooked to the statistical model of signals captured 

within the scanning image. In this work, we adopted the ICS precision, 

<NICS>/N0, as a quantifiable indicator of randomness in physical properties 

(size, shape, orientation… etc) of the metallic particles embedded in PRMs. 
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To accomplish the characterization on PRM by ICS, ICS responses of 

PRM samples of different physical properties distribution must be examined 

through experimentation and simulation. For an experimental validation, 

samples with particles at different degrees of randomness in properties had to 

be made. For a simulated validation, random factors had to be introduced to 

the parameters of the particle properties. In this chapter, we introduce how we 

prepared the samples and simulations for our studies. 

 

 

▲Fig 2.1 Conceptual scheme of the experiment design. The main aim of our project was 
to deduce how ICS precision changed with respect to PRM at various random levels. To 
achieve this experimentally, we introduced random factors to ordered samples fabricated by 
EBL. On the other hand, we introduced order to spin-coated random samples prepared by 
nanorod [113]. The experimental measures were then compared to simulations in order to 
confirm our results. 

 

2.1 Preparation for Experiments 

In order to examine how ICS responded to plasmonic samples with 

different distributions, ordered and random nanoparticle-embedded media 

were prepared. In our studies, we created random samples by spin-coating 
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nanoparticles on microscope glass slides, and fabricated ordered samples by 

electron-beam lithography (EBL). 

 

2.1.1 Confocal Laser Scanning Microscopy 

 
▲Fig2.2 Illustration of the CW laser setup. 

 

Confocal laser scanning microscopy (CLSM) is one of the most widely 

used methods for acquiring high resolution scanning images of objects or 

biological specimens on micro- or nano-scales. The method was developed in 

1957 by Martin Minsky [114, 115], but it was not able to be fully implemented 

until late 1980’s, due to the absence of advanced lens development and 

computer technology.  

 

Confocal microscopy builds up a raster image by performing discrete 

scans on the sample inserted with a focused laser beam. After each step of 

the scan, the scattered or reflected photons are collected by an objective lens. 
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A confocal pinhole aperture is hired to limit the specimen focal plane to a 

confined volume, and a PMT detector counts the number of photons passing 

through the pinhole. The data recorded by a complete scan across the x- and 

y- direction of the observed region is then presented as a two-dimensional 

matrix of intensities. Since a pinhole rejects all light that are not sourced from 

the focal plane of the objective, data acquisition at selected depths along the 

z-direction is achievable. 

 

In this project, most of the recorded images were acquired by a home 

built confocal laser scanning system, illustrated in Fig 2.2. The laser source 

was a Ti:Sa femtosecond pulsed laser (Tsunami, Spectra-Physics). The 

intensity and the polarization of the light was controlled by two Glan-

Thompson polarizers (5 mm Clear Aperture, 650-1050 nm AR Coating). A 

focusing objective (0.95 NA air spaced, coverslip corrected) focused the laser 

beam onto the sample, and the scattered light was collected by the same 

objective, which also directed it to pass through a 100 m pinhole. The 

movement of the scanning stage was fine-tuned by a 3-axis digital position 

controller, while the motion of the raster-scanning was controlled by a 

programme written in LabVIEW. The scattered spectrum from the sample was 

dispersed by a spectrograph (Acton Instruments, SpectraPro 500i) on a liquid 

nitrogen cooled CCD-camera (Princeton Instruments, Spec-10). 
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a) b) 

 

 
c) 

 
d) e) 

  

 
▲ Fig2.3 a) A CLSM image of a random EBL sample recorded by our home built confocal laser scanning 

system. The image size was 60 m x 60 m and the pixel size was 256 x 256. A 0.9 NA oil adapted 
objective was used during the recording process and the wavelength of the recording beam was 800 nm. 
b)–e) 2-dimensional inverted intensities of two dark spots. Arbitrary intensities along the red lines marked 
in a) were extracted by ImageJ and were compared to airy fittings. The intensity was inverted since dark 
spots were recorded due to the damping on nanorods LSPR by the Ti oxide adhesion layer. 

 

2.1.2 Spin Coated Samples 

The gold nanosphere and nanorod solutions used in this study were 

prepared by wet chemical synthesis or purchased from NanoSeedz™.  

 



47 

 

Gold Nanoparticles Synthesis 

In this project, AuNR embedded PRM were chosen to be one of our test 

subjects, not only due to their high sensitivity towards wavelength, polarization 

and the three spatial domains [13], but also because they were easily 

synthesized via wet chemical methods [5, 9, 12, 13] and were extremely 

stable under room conditions [5, 12, 13]. Generally, wet chemical synthesis 

methods can be classified into three main streams: electrochemical method 

[116, 117], seed-mediated growth method [118, 119] and seed-less growth 

method [120]. The principle of all these methods were to conduct the 

synthesis in aqueous surfactant media in order to direct the growth of the 

nanoparticles by building up anisotropic micellar templates on particle 

surfaces [121]. In this section, we focus on the seed-mediated growth method,  

since we had chosen it as the primary method to synthesize our gold 

nanoparticles.   

 

The seed-mediated growth method, or the seeded method, was 

introduced by Murphy [118, 120, 122] and El-Sayed [119, 123, 124] 's group 

during the early to mid-2000s. Following the path of seed-mediated synthesis 

of large gold nanospheres [125, 126], Murphy et al. successfully synthesized 

gold nanoparticles with a diameter of 5-40 nm [127]. The seed particles were 

3.5 nm in diameter and prepared by borohydrade-reduced gold salt. There 

were further evidence that the aspect ratio of synthesized gold nanorods is 

tunable by controlling growth conditions in aqueous surfactant media [119, 

120, 128]. Generally, nanorodscetyltrimethylammonium bromide (CTAB) was 

the surfactant used to synthesize gold. By adding CTAB into a gold salt 

solution, bilayers of micelles formed on nanorod surfaces through preferential 
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bi n di n g s. A s a r e s ult, g ol d i o n s c o ul d o nl y b e cr y st alli z e d o n s urf a c e s wit h o ut 

mi c ell e s, a n d t h u s t h e gr o wt h of t h e r o d c o ul d b e dir e ct e d [ 1 2 4, 1 2 9].  

B e si d e s s urf a ct a nt s, it w a s al s o f o u n d t h at t h e a d diti o n of A g N O 3  

o pti mi z e d yi el d, cr y st al str u ct ur e a n d a s p e ct r ati o c o ntr ol of g ol d n a n or o d s  

[ 1 2 6, 1 3 0, 1 3 1]. 

 

O n t h e ot h er h a n d, s u b s e q u e nt r e p ort s p oi nt e d o ut t h at A g N O 3  c o ul d 

o pti mi z e t h e q u alit y of s y nt h e si s e d g ol d n a n or o d s. Wit h n o A g N O 3 , r o d s 

e x hi bit e d a m ulti pl e t wi n n e d cr y st al str u ct ur e a n d gr e w t o w ar d s t h e [ 1 1 0] 

dir e cti o n [ 1 3 2], w hil e t h e pr e s e n c e of A g N O 3  t ur n e d r o d str u ct ur e i nt o si n gl e 

cr y st alli n e wit h a gr o wt h t o w ar d s t h e [ 1 0 0] dir e cti o n [ 1 3 1, 1 3 3]. A c c or di n g t o 

t h e s e r e p ort s, A g N O3  w a s b eli e v e d t o sl o w d o w n t h e gr o wt h of n a n or o d s, a n d 

t h u s a c hi e v e b ett er c o ntr ol o v er t h e s y nt h e si s pr o c e d ur e. Li u et al. c o nfir m e d 

t h at sil v er i o n s w er e a cti n g a s a s urf a c e str u ct ur e s p e cifi c s urf a ct a nt [ 1 3 0] 

d uri n g g ol d n a n or o d s y nt h e si s. T h e y pr o v e d t h at sil v er i o n s s el e cti v el y 

d e p o sit e d o n t h e m or e o p e n { 1 1 0}  f a c et, a n d t h u s sl o w e d d o w n gr o wt h o n t hi s 

f a c et. I n t h e s e e d e d gr o wt h m et h o d, a d di n g a n a p pr o pri at e a m o u nt of A g N O3  

c a n fi n e t u n e t h e a s p e ct r ati o of t h e r o d s u p t o 4. 5 ( L S P R p e a k l o c at e d at ∼  

8 2 5 n m). El- S a y e d' s gr o u p l at er m o difi e d t hi s m et h o d b y u si n g a bi n ar y 

s urf a ct a nt ( mi xt ur e c o m p o s e d of B e n z yl di m et h yl h e x a d e c yl a m m o ni u m 

C hl ori d e ( B D A C) a n d C T A B) i n st e a d of a si n gl e s urf a ct a nt. T hi s w a y, t h e 

a s p e ct r ati o of t h e r o d s w er e a bl e t o b e c o ntr oll e d u p t o ∼  1 0 ( L S P ∼  1 3 0 0 n m) 

[ 1 1 9]. 

 

I n t hi s pr oj e ct, g ol d n a n o s p h er e a n d n a n or o d w er e s y nt h e si z e d vi a 

s e e d e d m et h o d s f oll o wi n g t h e r e ci p e C. J. M ur p h y r e p ort e d i n [ 1 1 8, 1 3 0, 1 3 4]. 

* [ 1 1 0], [ 1 0 0] a n d { 1 1 0}: Mill er i n di c e s , a n ot ati o n s y st e m i n  cr y st all o gr a p h y  f or pl a n e s i n cr y st al ( Br a v ais) l atti c es . 
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First, a 100 mM CTAB solution was created by adding 3.645g CTAB powder 

to 50mL warm (40oC) deionized water, whilst stirring gently. Then, 250uL of 

100mM HAuCl4 solution was added into the stock and this stock solution was 

then separated into 3 x 10 mL bottles. On the other hand, a fresh 100mM 

NaBH4 solution was prepared by adding 37.83mg NaBH4 powder to 10mL ice-

cold water. 96L of 100mM NaBH4 solution was then added to these 10mL 

stock solutions immediately after it was made, whilst stirring vigorously. These 

solutions were then put aside for 1 hour (known as the seed solutions below). 

 

Meanwhile, another 100mM CTAB solution was prepared using the 

same method described above. 500L of 100mM HAuCl4, 250L of 100 mM 

AgNO3 and 600L of 100mM ascorbic acid were then added to the solution.  

After that, 3 x 10 L of this solution was separated into 3 bottles. 60L of the 

seed solutions was then added into each bottle separately whilst stirring 

vigorously. The resulted solutions were examined by the spectrophotometer 

and TEM afterwards, and the results were listed below. 

 

Fig 2.4 shows the spectrums of one of our synthesized gold nanorod 

samples. The spectrums were recorded 1 hour after synthesis. From these, 

we can see the consistent synthesis of rods. The rods synthesized were 

washed twice and kept in the same concentration. The peak of the rods’ 

spectrum was located at 830 nm, 1 hour after they were made. The rods were 

then concentrated by a factor of 10 and spin-coated on a piece of glass slide 

after mixing with a 15% PVA solution. 
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▲Fig 2.4 Spectra of gold nanorod samples recorded 1 hour after they were synthesized from 

three homemade gold nano-seeds. LSPR peak of these nanorods were located at 829  8 
nm. Insert: TEM image of the gold nanorod synthesized. From the images, the aspect ratio of 

the rods were 3.8  0.6. 

 

Nanoparticles purchased from NanoSeedz™ 

For nanoparticles purchased from 

NanoSeedz™, the average diameter of 

the nanospheres was 80±6 nm x 30±6 

nm (Part#: NS-80-50), and the average 

aspect ratio of the nanorods was 3.8 

(Part#: NR-20-780) and 4.2 (Part#: NR-

20-808). Before the experiment, the 

solutions were diluted to the desired 

concentration and spin-coated on a 

clean fused silica glass cover slip. Fig 

2.5 shows a transmission electron 

micrograph (TEM) image of one of our 

spin-coated samples.  

 

▲Fig 2.5 TEM images of nanorods 
purchased from NanoSeedz™ (Part#: 
NR-20-808). The dimension of the 

rods was 84x20nm ( 5 nm), and the 
average aspect ratio of the rods was 
4.2. 
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2.1.3 Electron-Beam Lithography Fabricated Samples 

In the study of ICS precision with respect to varying orientations, we 

fabricated randomly orientated gold nanorod samples using the EBL method. 

To do so, we first created a nanorod matrix with randomly generated positions 

and orientations. We then exported our data to create a floor plan of the 

samples with designed patterns.  

Then, EBL samples were created through the following process. A thin 

layer of Titanium oxide with thickness = 3 nm was deposited on a microscope 

glass slide. A deposition mask made out of Poly-methyl methacrylate (PMMA) 

was then deposited on top of the TiO layer. After that, designed patterns of 

nanoparticles were written on the mask using an electron beam. The dosage 

during the writing process was adjusted with respect to the average spacing 

between the particles and the thickness of the Au thin film, which was to be 

coated in the next step. A 30 nm thick Au thin film was sputter-deposited on 

top of the deposition mask on each of these samples inside a vacuum 

deposition chamber (AXXIS Thin Film Deposition System). The masks were 

then washed away by isopropanol at 50o – 70o, and the samples were ready 

to be used after rinsing with acetone and a thin (~ 30 m) coating of 10% PVA 

solution. 

Using the above method, we created randomly orientated nanorods 

with all information of the particles known. This approach also allowed one to 

introduce artificially controlled parameters (e.g. orientated the rods with a 

desired distribution model in our case) to create samples for controlled 

measurement. 
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▲Fig 2.6 a) Designed schema of the NR. b) Actual size of a NR under SEM. c) The 
embedded matrix of the sample. Note that the size of the NRs illustrated was magnified 100 
times in order to indicate their orientations. d) Simulated microscopy scanning image. e) SEM 
image of the EBL sample. f) Optical microscopy scanning image of the EBL sample. The 
same areas in c) to f) were indicated by lines of the same colour (Red and Green) 
respectively. 

 

Throughout the investigation of EBL samples, we found that the 

emission properties of the fabricated rods were about 1-2 orders lower than 

that of the nanorods with similar size synthesized via the wet chemical method. 

This led to the inference that nanorod locations were recorded in dark spots, 

as opposed to bright spots, in conventional scanning images (Fig 2.6 f). We 

further deduced that the observation was attributed to the damping on gold 

nanorods LSPR by the Ti oxide adhesion layer [135, 136]. A detail 

measurement on emission efficiencies was carried out in terms of scattering 

cross sections and TPL action, and the results are to be published in its 

individual paper. In the following stages of our experiment, we performed EBL 
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fabrications on Chromium oxide (CrO) coated microscope glass slides in order 

to avoid the damping effects of Ti. 

 

2.2 Simulations 

CLSM images of sample nanoparticle with different characteristics can 

be acquired through simulations. By inputting the focus parameters and the 

distribution model of particle characteristics, simulated CLSM images of 

samples with desired characteristics could be generated. In this section, we 

introduce the process of construcitng simulated images.  

 

 

 

▲Fig2.7 Conceptual illustration of simulation generation. The first step of the simulation 
was to set up the nanoparticle embedded matrix. Random factors were then introduced as 
locations, orientations and coupling strengths of the particles. The average ICS precision of 
these particle matrices were accounted by comparing the mean ICS results on these 
images, <NICS>, to the true particle density within the matrices, N0. 
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2.2.1 Nanoparticle Embedded Matrix and Raster 

Scanning Image 

All the computational work, including simulation and autocorrelation 

function calculations, was performed using custom written scripts in Wolfram 

Mathematica (Version 7, 8 & 9), ran on a personal computer equipped with a 

3.33 GHz processor and 24.0 GB of RAM.  

 

Fig 2.8 below illustrated the procedure of simulating a raster scanning 

image. The first step of the simulation was the contruction of a nanoparticle 

embedded matrix (NEM) of the sample. The size of the NEM was preset to 

256 x 256 pixels. The image size was preset to 18 x 18 m2, and the e-radius 

of the scanning laser’s point spread function (PSF) was preset to 0.35 m. The 

PSF profile could be switched between a two-dimensional Gaussian function 

and a two-dimensional airy function, with a maximum intensity equal to I0 

(preset to 1). The concentration of the sample was expressed in terms of 

number of particles per beam area (BA). For any given concentration, the 

number of particles within the embedded matrix, N0, was calculated and 

corrected to the nearest integer.  

 

To construct the NEM, a two-dimensional zero matrix with the size of 

256 x 256 was created. Two arrays of lengths of N0 were created by randomly 

generating integers between 1 and 256, representing the pixel x- and y-

coordinates in the horizontal and vertical directions of the particles. A third 

array with the same length was created by randomly generating real numbers 

following a normal distribution ~N(0,∆θ), representing the angles between the 
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direction of polarization and the direction of particle orientations φ(If ∆θ = 0the 

value of all elements in φ were set to 1). The NEM was then obtained by 

adding the value of I0*cos2φ at the coordinates given by the first and second 

arrays. During this process, periodic boundary conditions were enforced to 

ensure that the density of the particles was preserved. Finally, the NEM was 

convolved with the selected PSF profile, in order to simulate the raster 

scanning image of the particle matrix. 

 

 

 

 
▲Fig 2.8 Conceptual illustration of how simulated CLSM images of nanoparticle-embedded 
samples were generated. First of all, a nanoparticle-embedded matrix was constructed by 
the generated parameters of particle properties. Then, based on the input parameters of the 
scanning beam, PSF were convolved onto corresponding particle location to build up an 
intensity matrix across the x- and y-direction. Finally, the raster scanning image of the 
sample was generated according the intensity matrix.  
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2.2.2 ICS Analysis 

After scanning images were obtained through either experimentation or 

simulation, their spatial autocorrelation function was calculated using the two-

dimensional fast Fourier transformation algorithm given in Eq. 1.23. The 

expected number of particles within the image calculated by ICS, <NICS> was 

then compared to the true number of particle within the image, N0 (For 

experimental recorded images, N0 was counted manually with the aid of 

ImageJ; for simulated images, N0 eas the input number of particle).  

 

 

▲Fig 2.9 Flow chart of studies of ICS response on PRMs of varied degrees of randomness in 
different characteristics. First, scanning images of nanoparticles were acquired either by 
simulation or by experimentation. ICS analysis were then performed on the image, and the 
ration <NICS>/N0 was accounted. Finally, statistics of the PRM properties were plotted against 
<NICS>/N0, allowing the properties to be indicated by qualitative values.  

 

As we shall see in later chapters, same ICS precision were obtained for 

all samples embedded with plasmonic particles sharing the same statistics 

distribution of quantum yield or the same degree of compartmentalization. 

Thus, by accounting the value of <NICS>/N0 we can statistically characterize 

the properties of PRMs of interest. 
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Chapter 3 
ICS Simulation on Optical Images 

of Gold Nanoparticles 
 

deally, for precise ICS image analysis, the optical image should only contain 

uniform emission signals of nanoparticles and PSF of the optics. In reality, 

the e-radius of the point spread function (PSF) of each particle may, 

regrettably, vary due to defocusing or noise from different sources. In this 

section, we simulate ICS error due to 1) variation in PSF, 2) variation of e-

radius, 3) defocusing of the individual particle, and 4) noise on ICS analysis.  

2  

 

  

I
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3.1 Variation of Point Spread Function 

Point spread function (PSF) expresses the impulsive response of an 

image system from a point source. It describes how the input light beam 

spreads out at the image plane after interacting with point objects due to 

diffraction. In confocal microscopy, the Gaussian or airy function are often the 

best descriptions of PSF of a laser light after passing through a perfect lens 

with a circular aperture. In this section, we reveal how ICS results are alerted 

with these two PSFs. 

 

The mathematical expression of the Gaussian PSF is given by:  

 

( , ) = −
Δ

2
 

(3.1) 

 

Where Δr  is the radial distance from the optics axis on the image 

plane, and σx , σy are e-radius of the PSF in x- and y-directions. 

 

The mathematical expression of the airy function is given by: 

 

( , ) =
2 ( )

 

(3.2) 

 

 

=  
Δ

 

(3.3) 
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Where N is the numerical aperture of the lens, λ is the wavelength of 

the light, and η is the refractive index of the media. 

 

a) b) 

  

c) 

 
▲Fig 3.1 3D simulated plot of point spread function described by a) Gaussian function, and 
b) airy function. Insets: 3D log-plot of the correspondence; and c) comparison of ICS 
precision on simulated images with PSF described by Gaussian function and airy function. 
The result showed that the swap of PSF introduced a 4% error on ICS precision. The reason 
is that one of the premises of ICS assumed the PSF of the bright spots recorded in the 
images was Gaussian. Thus, if the PSF of the recorded spot follows airy function, the result of 
ICS would be magnified. To ensure our simulations were close to reality, all later analysis in 
this thesis used airy profile for the PSF of bright spots, and the 4% error were accounted. 
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We applied ICS analysis on two sets of images that are identical on all 

settings, except Gaussian function was employed as the PSF of one set, and 

airy function was employed for the other. The results are shown in Fig 3.1c, 

indicating that point spread function indeed did not affect precision of ICS 

much. In the rest of this thesis, all simulations performed used airy function as 

the PSF unless specified. 

 

 

3.2  Focal Spot size  

Besides PSF profile, we also examined the effect of PSF size on ICS 

accuracy. We performed ICS analysis on 4 sets of 200 images each, with 

each set of images sharing identical particle locations and scanning 

parameters except the e-radius of the PSF, which varied from 0.1 μm to 0.7 

μm. The simulation repeated with particle density ranging from 0.01 to 0.17. 

We found the mean ICS precision on these images stayed around 100%, 

while the STD of the g (0, 0) values were proportional to the e-radius of PSF 

(Fig 3.2). 

 

As reported by S. Costantino and P. Wiseman’s group [137], variations 

of PSF e-radius do not affect the mean value of g(0, 0) when ICS is performed 

on a series of scanning images. Though, an increase in focal spot size does 

lead to an increase in the standard deviation of g(0, 0), and vice versa. The 

reported results matched up with our observation. 

 

 



61 

 

 
▲Fig 3.2 Comparison of ICS precision on simulated images with varying focal spot size. 
From the result, an increase on e-radius of the scanning beam had no influence on the <N ICS> 
values, but led to a linear increase in the standard deviation of the NICS values. This increase 
was independent from the total particle density within the observed areas. 

 

 

3.3 Defocusing 

Ideally, spin-coated NP samples or EBL samples should be thin (about 

15-60 nm in thickness) to allow us to assume all nanoparticles lie on the same 

two-dimensional surface. When dealing with multi-layer samples or 

plasmonic-particle-embedded bio-cell (thickness of observed volume usually 

about 1000 nm), this assumption is no longer valid and the consequence of 

defocusing should be accounted.  

 

One of the major motivations for us to develop ICS characterization for 

PRM was to monitor plasmonic particles coupling activities occuring on cell 

membrane and thus understand cell uptake and aggregation dynamics. Since 

living biological cell samples must be immersed in cultivation liquid, the 
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observable thickness of the bio-samples is usually larger than that of the spin-

coated/ EBL fabricated samples by magnitudes. Thus, when dealing with 

confocal microscopy of bio-samples, there always exist some particles that 

stay out of focus due to the huge depth of the observation volume. One way 

to reduce defocusing is to use low NA objective lens for long focal depth, but 

this enlarges e-radius and thus increase variance of the analysis results, as 

shown in Fig 3.3. 

 

To study the effect of defocusing on ICS, 500 scanning images of 

samples with thickness ranging from 60 to 1300 nm were simulated. 

Advancing from the simulated method introduced in section 2.2, z-coordinates 

of random values were included in the particle location matrix ranged from –D 

to +D (pixels). This array indicated the z-coordinates of the particles, where 

the focal plan is located at z=0 and the observation volume of the sample 

thickness was 2D. 

 

In this three-dimensional PSF simulation model, two-dimensional PSF 

profiles at each layer of depth z was denoted by Pz. The coordinate of each 

particle at the same z, Cz, was generated randomly and convolved with a 

corresponding intensity value extracted from the Pz profile. The intensity of 

each coordinate in the final image, CTotal was obtained by adding up all Cz 

(Fig 3.3b): 

 

=  
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(3.4) 

 

a) c) 

 

 

b) 

 
▲Fig 3.3 Simulated CLSM image of sample (conc. = 0.10 particle per BA) with thickness of 

a) 0.07 μm, and b) 2.59 μm. c) Comparison of ICS precision on simulated images of samples 

with varying thickness. The result indicated that defocusing of scattered signals due to the 

increase in thickness always magnified ICS results, while magnification was suppressed by 

the increase in concentration. 

 

ICS analysis was performed on images with D varied from 1 to 10, and 

the results are shown in Fig 3.3c. From the results, NICS was magnified to 

300% due to defocusing. The result was not surprising, since defocusing 

indeed decreased the maximum intensity of scattering. In this case, ICS took 

the defocused spots as the “basic unit” of analysis, and treated the bright 

spots as some overlapped basic units. From the results, we also noticed that 

an increase in total particle concentration decreased the rate of magnification 

in ICS results. 
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3.4  Noise Analysis 

Conceptually, ICS accounts for the expected mean number of 

illuminated volume in each BA. Thus, when noise takes part in a recorded 

image, the measured signals were greater than the expected signal. In this 

case, NICS was larger than N0. Fig 3.4 below demonstrates how the 

autocorrelation function changed before noise introduced a raster-scanning 

image.  

 

As shown in Fig 3.4d, peak value of the autocorrelation function of the 

image sharply increased after the introduction of white thermal background 

noise. According to Peterson and Wiseman et al. [103, 137], a sharp peak 

always adds on the actual correlation signal when dealing with analysis of 

images with high-level background noise. In this case, true particle distribution 

can be obtained by fitting the autocorrelation function to a Gaussian function. 

In a later paper [138], the group also reported that the involvement of the 

nonspecific luminescence signal can be removed by introducing a correction 

equation. In the following sections, we go through details of this equation and 

thus discuss how background noise contributes to ICS analysis. Through 

simulation and experimental measurements, we examine the efficiency of the 

fitting method and the correction equation.  
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3.4.1  Noise effect on ICS 

In order to counteract the effect of noise on ICS, we analyzed images 

of samples with different levels of noise. Simulated raster scanning image 

matrix I was created according to the description in chapter 2.2. The pixel size 

of I was 256 x 256 pixels. Airy function was employed as the PSF, with e-

radius = 5 pixels. The concentration of the simulated samples was set to 0.1 

particles per BA. After I had been created, background noise image matrix B 

with size identical to that of the raster scans was generated. The pixel 

intensities of B were taken by the absolute values of randomly generated 

▲►Fig 3.4 Simulated CLSM image 

of an AuNSs-embedded sample a) 

before & b) after the introduction of 

white background noise. c) Intensity 

plot of the scattering image, noise and 

image + noise at the middle of the 

image (denoted by red dash line in 

a)& b)). d) The autocorrelation 

function of the image, noise and 

image with noise. 
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numbers followed by a normal distribution ~N(0, 1). The signal to background 

ratio (SNR) of the image was then controlled by a variable scaling 

coefficient σ, such that: 

 

SNR =
Max ( )

σ
 

(3.5) 

 

To finish, the final image matrix F was given by adding the raster 

scanning image matrix I to the background noise image matrix B 

 

F =I +σ B 

(3.6) 

 

We simulated images with S/B ranged between 1 and 1000. The ICS 

analyses of these images were compared to that of the images with no noise, 

and the result is showed in Fig 3.5. Note that each data in the plot is 

averaged by 100 images. According to the result, ICS results can be 

magnified by up to 50 times of the expected value when the background is 

huge. 
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▲Fig 3.5 Comparison of ICS precision on simulated images with and without background 
noise. After noise was introduced, the values of ICS results were overwhelmingly proportional 
to the SNR. Note that experimentally recorded SNR usually lies between 20-400. 

 

 

3.4.2  Noise Correction Function 

In order to minimize the contribution of background noise to 

autocorrelation function, we employed a noise correction function to revise 

ICS results. The noise correction function of ICS was proposed by Nils 

Petersen and Paul Wiseman et al in 1998 [138]. The basic idea of this 

correction function was to subtract the background’s contribution from ICS 

results of recorded images. Base on the fact that the signal of our interest and 

the background irradiation were sourced independently, we can write: 

( , ) < > = ( , ) < > + ( , ) < >  

(3.7) 
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Where  

( , )  = ( , ) contributed by the source (NPs) 

( , )  = ( , ) contributed by the measured signal 

( , )  = ( , ) contributed by the noise signal 

< > = Average intensity of the measured signal  

< > = Average intensity of the noise signal 

 

At the origin, both ,  = 0. In such a case, by rearranging the formula 

we get the g(0, 0) value of the signal from the source of our interest [138] 

 

(0,  0) =
(0,  0) < > − (0,  0) < >

(< > −< >)
 

(3.8) 

 

The equation indicates that contribution of noise can be subtracted if 

the autocorrelation function of the noise is obtained. In practice, we performed 

correlation on scanning images by Eq. 1.22 and got gm(0,0) and <im>. We 

then extracted the noise profile of the image, a small part of the image (about 

1/100 of the size of the scanning image) which only consisted of noise signal, 

and got gn(0,0) and <in> again by Eq. 1.22. Finally, we calculated gs(0, 0) with 

Eq 3.8. 
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3.4.3  Simulation Validation  

CLSM images of samples with particle density of 0.01, 0.1, 1 & 100 

NPs per BA were created with parameters stated in section 3.4.1. The SNR 

of these images were set to range from 1 to 100. ICS analysis were then 

performed on these images with Eq 3.8, where the noise profile was obtained 

from the background noise image matrix B before it was added to the 

scanning image matrix I. Fig 3.6 below shows the results of our analysis. 

Each data in the plot averaged the ICS result of 200 images.  

 

 
▲Fig 3.6 Comparison of ICS precision on simulated noise images among varying particle 
densities after noise correction had been added onto the autocorrelation function. When 
comparing to Fig 3.5, it is obvious that ICS precision was greatly enhanced after the 
introduction of noise correction equation, and the enhancement became more notable with 
the increase of particle density within the observed areas. 

 

The plot shows that accuracy of the noise correction formula increased 

with respect to the number of NP density per BA. When concentration of the 

sample was larger than 1 NP per BA, the precision of the ICS NICS/N0 
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remained steadily at 104% despite the noise level (the 4% error was attributed 

to the airy PSF profile of the bright spots). Since the concentration of the 

sample we used laid between 0.1 and 10 NPs per BA, and the SNR of the 

camera in our lab ranged from 20 to 300, the method was efficient in our 

research and guaranteed to be reliable. 

 

3.4.4  Experimental Variation 

In this section, we inspect the effectiveness of the noise correction 

formula on experimental scanning images. To verify the noise profile of our 

home built laser scanning system, we recorded 5 images of a glass slide spin 

coated with pure PVA solution (Identical with the spin coated nanoparticle 

samples we use in the rest of our studies except no nanoparticle were 

embedded). We then built the histogram of the pixel intensities of these 

images (step of 0.1 a.u.). Fig 3.7 shows one of these images and its 

respected histogram.  

 

5 CLSM images of 80 nm spin coated NS samples (concentration = 

0.15 particle per BA) were recorded. The SNR measured from these images 

laid between 30 and 50, which guaranteed the noise correction equation to be 

functional within its dynamic range. ICS with noise correction were performed 

on these images, and the results are shown in Fig 3.8. The result showed that 

this noise correction equation was promised to enhance the accuracy of ICS 

analysis. 
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▲Fig3.7 Histogram of noise intensity of an experimentally recorded background image. The 
distribution of the signals was logarithm instead of Gaussian, as in our simulation. Since the 
noise correction equation accounted the g(0, 0) of the noise signal from a selected 
background-only area within the analysed images, signal distribution did not affect the 
efficiency of the approach much.  

 

 
 

▲Fig 3.8 Comparison of the number of particles calculated by ICS and by manual count in 
the SEM image. 5 CLSM images of 80 nm spin coated NS samples were recorded 
experimentally. The SNR measured from these images laid between 30 and 50. The result 
showed that this noise correction equation promised accurate ICS analysis. Note that the 
value of N0 was always larger than that of NICS in our results, which we believed was due to 
1) the calculation model’s inability to account for clusters (see Section 5.2 for details); and 
2) that some of the scattering signals at the image boundaries were chopped off. 
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In this chapter, we reviewed how PSF profile, PSF size, defocusing and 

thermal background noise affected ICS results. These results meditate that 

ICS favors scattering signals recorded as fine Gaussian bright spots. At the 

same time, ICS precision could also be enhanced by increasing sample 

concentration (but not too high, to avoid aggregations) or by reducing sample 

thickness. Besides, we noticed that ICS was very sensitive to background 

noise, but its influence could be minimized by the introduction of noise-

correction equation (Eq 3.8). By validating the above conditions, ICS results 

were ensured to be independent from image conditions, and could now be 

utilized on PRM characterizations.  
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Chapter4  
The Effect of Compartmentalization 

on the Accuracy of ICS  

 

he first condition for ICS to work accurately is that the spatial 

distribution of the luminescent particles must be perfectly random.  

Recalled that ICS is established on the equality: 

 

1/g0 = Var(i) = E(k) 

(4.1) 

 

Where g0 is the peak value of spatial autocorrelation function, Var(i) is the 

variance of intensity fluctuation, and E(k) is the expectation of having a total of 

k particles in a single beam area. The expectation of a set of given data is 

identical to its variance if and only if the statistical model of the data is 

Poissonian (i.e. perfectly random). Thus, if the spatial distribution of the 

luminescent particles within the image follows any model other than 
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Poissonian, the equality is no longer valid. In this case, in order to predict the 

precision error of ICS performance, we have to distinguish the statistics model 

of distribution and modify the relationship between its expectation and 

variance.  

 

In the following section, we study different spatial distribution of ordered 

and un-ordered patterns. We classify distributions by the terms “macro 

compartmentalisation” and “micro compartmentalisation”. 

 

4  

4.1 Macro compartmentalization 

The term “macro compartmentalization” refers to the situation when the 

distribution of plasmonic particles is restricted in limited areas within the 

scanning image.  

 

Fig 4.1 shows dark field images of cells implanted with gold 

nanospheres. As we can see, most of the nanospheres were attached to the 

cell surface and were not distributed evenly among the entire image. This 

compartmentalization violated the requirement of Poissonian distribution in 

spatial randomness. The occurrence restricted the intensity fluctuation to an 

even distribution among the entire image and would affect the precision of 

ICS as it broke down the equivalence between fluctuation variance and 

particle number expectation.  
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In order to study the effect of macro-compartmentalization on ICS 

precision, we simulated images of nanosphere-embedded samples that were 

assumed to be distributed within a circular area (denoted as 

compartmentalized area below) of radius r (Fig 4.2). We then examined the 

accuracy of ICS on these images by plotting <NICS> / N0 vs. r/L, where L was 

the half-length across the diagonal of the image. The ICS result of our 

simulation was plotted in Fig 4.3. Note that for each data on this graph we 

averaged the ICS results of 500 images.  

 

  

 

 

 

▲Fig 4.1 Dark field images of cells implanted with gold nanosphere. Since the implanted 
particles were embedded on the cell membrane, intensity of scattered light was restricted 
from areas without cells and was not distributed evenly among the observing area.(Images 
provided by A.S.M. Mohsin) 
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a) 

 

▲Fig 4.2 a) Conceptual illustration of a simulation of macro-compartmentalization. In our 
simulation, we restricted the gold nanospheres allowed to be distributed randomly within a 
circle of radius r. The symbol R = r/L denotes the degree of compartmentalization. Attached 
with simulated CLSM image of b) R = 0.4, c) R = 0.7, and d) R = 1.0. 

 

 

In geometric probabilities, if the standard deviation of k particles 

distributed within an area v is v, the variance of finding a particle in area A 

and in area B is given by   

 

Var(k in A) = A2 

Var(k in B) = B2 

(4.2) 

 

 

 
 

 

 
 
 

 

 
 

 

 
  

 

 
 
 

 

   
 
 

 

In this section, we define: 

R = r / L 

Where : 

r is the radius of the residential area 

L is the length from the centre to the corner of the 

R = 0.4 R = 0.7 R = 1.0 

r 

L 

b) c) d) 
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The variance of the distribution in a combined area of A and B will then 

be 

 

Var(k in A or B) = (A A2 + B B2)/ (A+B) 

(4.3) 

 

In our case, since the probability of finding a particle outside the 

compartmentalized area is zero, the variance of the distribution within the 

observed area is given by 

 

O2 = C2 x  
 

 
 

(4.4) 

 

Where O2 and C2 are the variance of the intensity distribution in the 

observed area and in the compartmentalized area. Since the number of 

particles existing within the observed area remains unchanged, the probability 

of finding a particle within the image remains unchanged, as well as the 

expectation of particle number within each beam area. In this case, the 

variance of the intensity fluctuation and the expected number of particles per 

beam area will then be related by 

 



78 

 

O2 = E(k) x 
 

 
 

(4.5) 

 

Where E(k) is the expected number of particles in a single beam area. 

To examine our hypothesis, we plotted the ratio between the 

compartmentalized area and the observed area together with our ICS results 

(denoted by the green line). As we can see, the precision of ICS fitted 

perfectly on the curve. The result provided an insight on ICS analysis among 

samples of multiple distributions, which could expand the capacities of ICS 

analysis on complicated biological environments. 

a) b) 

 
 
▲ Fig 4.3 a) ICS results of simulated images of samples with different degrees of macro-
compartmentalization. The green line denotes the change in ratio of compartmentalized area 
and the observed area. The data fits perfectly on the curve, indicating the precision of ICS 
was hooked to area ratio in macro-compartmentalized samples. b) Conceptual illustration of 
the difference between the particle counts on non-compartmentalized and partially-
compartmentalized samples. 
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4.2 Micro compartmentalization 

 

a) b) 

 
▲ Fig 4.4 Random distribution sample vs. micro-compartmentalized sample. Fig 4.4a A TEM 

image of a random distribution gold nanorod sample prepared using the spin-coat method. 

Fig 4.4b A SEM image of gold nanorod matrix sample prepared via EBL fabrication. 
 

In contrast to macro compartmentalization, micro compartmentalization 

refers to certain restrictions on the position of each individual particle, i.e. 

when particles are coated with thick coating materials (like silica or polymer) 

in an organized matrix (Fig. 4.4). Similar to the case of macro-

compartmentalization, ICS precision is affected by the distraction in variance-

expectation relation.   

 

To study the effect of micro-compartmentalization on ICS precision, we 

simulated images of gold nanospheres from perfectly random distributions to 

perfectly ordered distributions. Here, we introduced the term “degree of micro-

compartmentalization”, defined by the radius of the compartmentalized area in 

terms of % of the image length. In other words, when the parameter was 0, all 
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particles were perfectly positioned in a square matrix; when the parameter is 

100, all particles were allowed to distribute freely within a distance equal to 

100% of the image length (i.e. freely distributed within the entire image) from 

the centre of the compartmentalization region.  

 

The precision of ICS analysis is plotted against the degree of micro-

compartmentalization with respect to varying concentrations in Fig 4.5. In this 

plot, all data is averaged by ICS results of 500 images. As we can see in the 

low concentration regime (conc. from 0.01 to 0.70 particles per BA), an 

increase in concentration led to a magnification on ICS results when the 

particles were well organized; while in the high concentration regime (conc. 

from 1.0 to 10.0 particles per BA), an increase in concentration led to a 

gradual relaxation on the trend. Also note that ICS always gave 100% 

accuracy when the degree of micro-compartmentalization was 100, i.e. when 

the distribution was perfectly random. This was due to the change in variance 

during the shift of statistical models of particle distribution.  
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a) 

 
b) 

 
▲Fig 4.5 Change of ICS precision with respect to varied degrees of micro-compartmentalization 
under a) a low concentration regime (conc. from 0.01 to 0.70 particles per BA), and b) a high 
concentration regime (conc. from 1.0 to 10.0 particles per BA). 
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In this chapter we revealed how ICS precision varied with respect to 

different kinds and degrees of compartmentalization. The results showed that 

ICS precision trend depended on the compartmentalization degree only in the 

macro case, but depended on both concentration and compartmentalization 

degrees in the micro case. From these results, we confirmed that ICS 

precision could act as an indicator to reveal spatial distribution of particles if 

the compartmentalization type was identified. 
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Chapter 5 
Quantum Yield Variation of the 

Emitters Accuracy of ICS 

 

he precision of ICS greatly depends on the QY of emitting particles. 

As mentioned in Chapter 1.5, one of the regulations for performing 

ICS is that each particle within the target sample must emit or 

scatter the same amount of light intensity, i.e. the QY of the emitting 

species must be identical.  

 

In plasmonic media, scattering QY from sub-wavelength metallic 

particles always depends on the particles’ shape, size, orientation, and 

degree of aggregations. Therefore, the QY of each particle varies and thus 

violates the conditions of ICS application. The variation of QY from particles 

drives the calculated density deviation from its true value. However, as we 

shall see, since ICS only accounts for the statistical distribution of intensity 

fluctuation, QY distribution under equivalent statistical conditions has the 
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same errors in autocorrelation function calculation. Thus, the difference 

between the calculated inverse g(0,0) value of an observed area can indeed 

indicate the statistical distribution of the characteristics of the plasmonic 

particles embedded within. In this chapter, we go through how ICS responds 

to the distribution of QY under different statistical models, and briefly 

introduce applications developed from this phenomenon.  

 

5.1 Orientation of Nanorods 

QY of nanorods depend strongly on their orientation with respect to the 

direction of polarization of the excitation light. Because of this, the ICS result 

is only precise if all NRs in the PRM line up, and the precision of the analysis 

decreases when NRs are allowed to orientate freely. In this section, we 

discuss how the precision of ICS analysis relate to the distribution of NRs 

orientation. Based on this, we demonstrate the method for ICS-

characterization of the orientation distribution of plasmonic nanorods. With 

this method, by measuring the percentage difference between the ICS result 

<NICS>and N0, the statistical model of NRs randomness can be deduced.  

 

 

5.1.1 Theory 

Recall that scattered intensity I from a sub wavelength rod follows the 

cosine square of the angle between its orientation θ and the polarization 

direction φ of the scanning beam. Mathematically, 

 

I = I0 cos( -θ) 
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(5.1) 

 

Where I0 is the maximum intensity the rod scatters when it is parallel to the 

polarization direction. Now imagine if we have a PRM embedded with 

nanorods. If the directions of all these rods are aligned, the scattered light 

intensity of them will be identical, no matter how the angle of polarization 

changes (Fig 5.1a). In such a case, if we perform ICS analysis, the peak 

value g(0,0) of the autocorrelation function will be 1/N, and the value of N is 

numerically close to N0. 

 

On the other hand, if the directions of all the rods embedded in the 

PRM are randomly orientated to different directions, the scattered light 

intensity of them will vary from 0 to I0 in all  (Fig 5.1b). Due to the fact that 

the quantum yields of these particles are not uniform, the result will diverge 

from the true value if ICS analysis is performed, and the g(0,0) value will no 

longer be close to N0 in this case. 
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 φ= 0o φ= 30o φ= 60o φ= 90o 

a) 
Aligned 
Rods 
(=0o) 

    

    

b) 
Randomly 
Orientated 
Rods 
(=90o) 

    

    
 
▲Fig 5.1 Simulated CLSM images and intensity plots of a) aligned nanorods, and b) randomly 

oriented rods, with respect to varied . If all rods within the observed area were well aligned, along 

with the disparity between  and , the intensity of the scattered light faded out with identical 
intensity distribution. On the other hand, if the rods were randomly orientated, the disparity between 

 and  would lead to a change in the intensity distribution but would keep the mean value of 
intensity at a similar level. 

 

Since spatial-ICS accounts for the intensity fluctuation of two-

dimensional CLSM images, intensity fluctuation of nanorod orientation 

distribution is reflected on ICS. As our aim is to study how the degree of 

nanorods misalignment reduces ICS precision, we simulated images with 

particle QY following a normal distribution ~N(I, ∆I). We varied I from 2 to 10, 

and ∆I from 0.01I (all QY equivalent) to 4I (all QY distributed randomly). We 

then performed ICS on these images and plotted the precision of the result 

NICS/N0 against ∆I /I (Fig 5.2). From the plot we could clearly see that the 

precision of ICS depended only on the relative distribution of particles’ QY 
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instead of their absolute values. Note that 500 results were averaged for each 

data in Fig 5.2, and the error of each data point was less than 0.03%.  

 

a) b)  

c)  

 
▲Fig 5.2 a) Conceptual illustration demonstrating how the number of observed nanorods 
decreased when the alignment of rods changed from uniform to random. b) Counts vs. QY 
intensity plot of particles with a constant ratio between standard deviation and the mean value 
of the particles’ emission intensity. c) Precision of simulated ICS results with respect to 
varying STD QY/ Mean QY ratio. The result indicates that the precision of ICS does not 
depend on absolute values but the distribution model of emission intensity. 
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5.1.2  Orientation Characterization of Nanorods 

Scanning images of identical-nanorods embedded PRM with a density 

of N0 per BA were simulated based on the method suggested in Chapter 2.2. 

A list of  were then created indicating the orientation angle of the nth particle 

from the main axis, where the value of each  was generated following a 

normal distribution with a fixed mean of 0, and an adjustable standard 

deviation . A value of cos2( - ) was then multiplied to the scattered 

intensity of the corresponding particle, where  was the angle between the 

direction of polarization of the scanning beam and the main axis (Fig 5.3). 500 

images with same  and  were then analyzed using the traditional ICS 

method, and the average of the calculated expectation of particles per focal 

volume, <N>, was normalized by N0 and plotted against φ for each set of  

value (Fig 5.4). 

 

◄ Fig 5.3 Scheme illustration 
of the symbol used in 
nanorod orientation 
characterization by ICS 
method. Direction of light 
polarization (Indicated by a 

red arrow). : Direction of 
orientation of each individual 
rod (Indicated by a blue 
dotted line). All  were 
randomly generated following 
a normal distribution with 
mean equating to zero and 
standard deviation equating 
to ; i.e.  = ~N(0, ). ( 
depicted as the brown region 
in the diagram). Yellow axis: 
The angular coordinates 
used in our simulations. 
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▲Figure 5.4: A) 

Conceptual illustrations 

of angular distributions 

of nanorods within a 

PRM sample. i) When 

all rods perfectly aligned, 

the number of rods 

directed towards the 

alignment direction, 0, 

was equal to the total 

number of rods within 

the sample, N0. ii) If all 

rods were randomly 

orientated, the number 

of rods directed towards 

each particular angle , 

by theory, was equal. 

Since the scattering 

quantum yield of a 

nanorod depended on 

the cosine square of the angular difference between the longitudinal axis of the rod and the 

polarization direction of the scanning beam, we could treat all (n±) =  (n = 1, 2). In this case, 

the number of rods directed towards each  was N0/(/2). B) The <NICS>/N0 ratio vs. the 

scanning beam polarization direction, . This plot showed how ICS precision deviated when the 

orientation of the NRs became more random (i.e. when  increased). The deviation of ICS was 

shown to be highly sensitive to the distribution parameter . Inset: the plot of full-width-half-

maximum (FWHM) vs.  of the PRMICS method and polarization transmission method. Inset: 

Comparison of FWHM plots of ICS results and polarization transmission method.  

. 

As we can see, the trend of ICS precision relaxed with the increase of. 

When reached 90o, i.e. the orientation of the rods were perfectly random, 

the precision of the rods remained at 64% no matter how changed. We also 

noticed that the FWHM of these trends were sensitive to below 50o. Thus 
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these FWHMs also acted as an indicator of the statistic of orientations of 

these rods. 

 

Recall that the physical meaning of NICS is the expectated number of 

emitting particles per beam area. In statistics mathematics, by definition the 

expectation of an event X is  

E(X)  =  
P(X = x )x  di

P(X = x )di
 

(5.2) 

 

Where P(X = xi) is the probability for xi to occur, provided that i [0, n]. 

Now denote P(K = k) as the probability of the event “finding a particle with 

luminescence QY intensity = k”. The expectation of the event K can then be 

expressed as  

 

E(K)  =  
P(K = kθ)kθ dθ

π

P(K = kθ)dθ
π  

(5.3) 

 

Note that  [0, /2]. In the case where all nanorods were aligned, all 

particles shared the same luminescence QY intensity (Fig 5.5a). In this case,  
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P(K = kθ) = 0 (For all θ 0)
P(K = k ) = 1 

 

(5.4) 

 

 

The expectation is then given by 

 

E(K) =  
N sin

π

1
= N  

(5.5) 

 

 

a) b) 

 

▲Fig 5.5 The number of counts of particles with orientation = when a) all nanorods were 
aligned, and b) all nanorods were randomly orientated. The probability of finding a rod with 

scattered QY = k was (1 if  = 0 and 0 if  0) for the former and N/(/2) for the latter. 

 

Thus, ICS gave 100% accuracy in this case. On the other hand, if all 

nanorods were randomly orientated, all P(K = k) would equal to N/(/2) (Fig 

5.5b). E(K) in this case is then be given by 
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E(K) =  
π cosθ dθ

π

P(K = kθ)dθ
π =

2
π

sin
π

2
− sin 0 N = 0.64 N  

(5.6) 

 

The above equations explain why the precision of ICS remained at 

64% when all rods were randomly orientated. 

 

 

5.1.3 Experimental Validation 

In order to validate our characterization method, we fabricated some 

randomly oriented NR-embedded samples using the Electron-Beam 

Lithography (EBL) method. We started by creating an information list of NRs, 

which included dimensions, locations and orientations. The figures in the list 

were allowed to be adjusted from totally equivalent to perfectly random, and 

the degree of randomness was generated under a normal distribution model 

with desired values of mean and standard deviation. Floor plans of the gold 

NRs-embedded samples were illustrated based on these information as well 

as simulations, and the EBL samples were created. 

 

In our experiment, 6 samples with orientation at different degrees of 

randomness were created. The dimension of each NR within these samples 

was set at 30x30x80 nm3. The NR density of each sample was fixed at 0.1 NR 

per BA. The locations of NRs on each sample were identical, while the 
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coordinates of the particles were randomly generated between 1 and 256. 

The STD of the orientation of the rods varied from 0o to 50o. Microscopy 

scanning images of these EBL samples were collected (Fig 5.6). 500 areas 

(of 15x15 mm2) were randomly picked from each image, and ICS analysis 

result of these areas were averaged and compared with the simulation (Fig 

5.7). 

 

 

▲Fig 5.6:  a) & b) Illustration of the floor plan of a sample of orientation STD = 0o and 50o. 

The locations of the rods were identical but the orientation was generated randomly under a 

normal distribution model. c) & d) SEM image of the 0o and 50o samples. Note that one rod 

was missing at the location circled by the red dashed line. In fact, about 6% of the rods were 

missing among all samples in total. This was believed as a result of small failures during the 

lift up process of EBL fabrication. e) & f) SEM image of the 0o and 50o sample. The red arrow 

indicated the direction of polarization of the scans. 
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▲ Fig 5.7: A) Experimental vs. Simulated ICS results of samples with  = 20o, 30o and 40o. 

The measured SNR was 15.2 ± 4.7. Same amount of noise was introduced to the simulation, 

and the effect of noise on ICS analysis was corrected by Eq. 3.8. B) Analysis of an semi-

aligned AuNRs-PRM sample prepared by nanorod depletion at 0o following the method 

proposed in [113]. i) Scattered intensity plot of the sample at different angles of polarization. 

The dotted lines indicate the expected values obtained by simulation, and the scattered data 

denoted by the blue triangle indicates experimental measurements. ii) Counts of particles at 

different direction of polarization. By measuring the curve we found  = 34o. 

 

From Fig 5.7, we can see that the traces of the experimental results 

showed similar patterns as the simulations. Since ICS was sensitive to the 

permutation of QY, we believed the difference between the simulated and 

experimental values ascribed to uncontrolled factors that affected the QY 

emitted by the particles. (e.g. the shape of the tips on the rods, the curvature 

of the sample surface due to surface tension, small variations among the 

aspect ratio of the rods, missing rods…etc. ) More experimental validation is 

needed in order to draw an appropriate conclusion. 

 



95 

 

5.2 Coupling of Nanospheres 

As mentioned in chapter 1.1.4.3, near field coupling between a pair of 

plasmonic particles can be expressed as a function of interparticle distance. 

When a pair of metallic nanoparticles are located close to each other, the 

plasmonic field between them overlap with each other and result in plasmon 

resonance shift, depending on their distance.  

 

The plasmon couplings of sub wavelength metallic particles are 

geometry-dependent [85] and can be understood with a plasmon hybridization 

model[86]. With a decrease in interparticle distance, the longitudinal plasmon 

mode experiences a blue shift with an end-to-end geometry and a red shift for 

a one that is side-by-side. 

 

 

5.2.1 Effect of Cluster Density Variation on ICS 

Characterization of oligomers and clusters is always a challenge for 

biologists and biochemists. Since oligomerization and clustering lead to an 

upheaval on QY distribution, ICS can, in theory, model the distribution of 

clusters in our sample of interest.  
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▲Fig 5.8 Alteration of ICS precision with respect to the change in dimer: monomer ratio. 
When total concentration of the particles remained constant, an increase in the  concentration 
of dimer  led to a decay in ICS precision. The rate of decay was free from total particle 
concentration, but was inversly propotional to inner-partical separation. 

 

 

In order to study the effect of cluster density variation on ICS, we 

performed analysis on a series of images showing monomer-dimer NS 

systems with varying cluster density. In these simulations, the particle density 

was fixed to 0.05 particles per BA. We then adjusted the density of the 

clusters from 0% (only monomers existed) to 100% (only dimers existed). The 

simulation was repeated for dimers with separation = 8 nm, 16 nm, 40 nm, 

and 80 nm. Simulations of images showing a mixture of these dimers (i.e. if a 

cluster was recognized as a dimer, a  PSF profile of dimers with separation = 

8 nm, 16 nm, 40 nm, and 80 nm would be picked randomly and convolved on 

the cluster’s location). Then, we repeated the analysis with particle density 

varying from 0.05 to 1.0. The results were plotted in Fig 5.8, each data is an 

averaged result of 500 images.  

Separation 

Distance (nm) 

Concentration 

How N
ICS

/N
0
 varies when Dimers of Fix Separation are introduced 
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From the results, ICS precision decreased gradually from 100% to 

around 50% with respect to the increase of dimers. The decrease was prompt 

in strong coupling regimes, but became tardy with respected to the increase in 

separation between the pairs. Same trends were observed in all images with 

different total particle concentration, indicating that the change of ICS 

precision only depended on the monomer: dimer ratio, instead of the total 

density.  

 

 

5.2.2 Photo bleaching ICS 

The functions of living cells are underpinned by the organization of 

biomolecules into macromolecular and supramolecular complexes. The 

oligomerization and clustering of biomolecules into domains inside cellular 

structures also contribute to various biochemical processes.  

 

Aiming to understand these processes, many efforts have been put in 

to measure the distribution of the reactions. For example, fluorescence 

intensity distribution analysis [139] and photon-counting histogram [140] are 

applied to extract information from aggregation states of mobile particles at a 

single point. Higher-order autocorrelation and moments analysis [141] are 

employed to determine aggregation states and therefore to resolve the 

distribution of oligomer in two population systems. Recently, number-

brightness analysis [139, 142] and spatial intensity image distribution analysis 

(spIDA) [143, 144] appeared as effective measuring tools for aggregate 

distributions.  
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Photobleaching methods provide another way to understand the 

mobility and binding information inside cells and membranes. For example, 

fluorescence recovery after photobleaching [145] measures the amount of 

fluorescence return in the observed-area of a cell after it has been bleached. 

Another example is photobleaching by Förster resonance energy transfer 

(FRET). This method accounts for photobleached donor [146] or acceptor 

[147], and therefore deduces their associations with donor- and acceptor- 

tagged biomolecules on subwavelength scale. 

 

Although these methods offer insight into the aggregate distributions of 

mobile molecules, they provide no information about the aggregation size of 

the observed molecules. To investigate the status of the aggregates, 

photobleaching Homo-FRET [148-151] has been employed to ascertain the 

attendance of high-order oligomers of labeled cell molecules. This method 

enables the exploration of aggregates size of molecules within the 1–10-nm 

range, but information of supramolecular aggregates of size larger than 10 nm 

are missed by this approach. 

 

Here we introduce photobleaching ICS (pbICS), which allow us to 

extract information of aggregate distribution of molecules of general size 

during photobleaching process [152]. pbICS determine aggregate distribution 

from continuously captured CLSM images during photobleaching. By 

accounting a time-series of confocal images during photobleaching, pbICS 
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enable the identification among different models of oligomerization, 

aggregation, clustering, or sequestration. 

 

 

Theory 

The concept of pbICS is based on a property of ICS: the luminescence 

of monomers that remains after photobleaching is directly proportional to the 

average cluster density, while that of the oligomers or clusters follows 

nonlinear functions. Following the algorithm of ICS [97, 98], for any 

distribution of discrete luminescent particles or clusters, the g(0, 0) value is 

equivalent to the weighted average over the luminescent particles of j species, 

 

(0) =
1
V

∑ (ε Q ) c

(∑ ε Q c )
 

(5.7) 

where  

V is the observed volume on the sample, and  

cj is the mean concentration of the jth species. 

 

Here we make the assumption that the molar extinction coefficient and 

the QY of the labeled monomer are not unaffected by the amount of labeled 

monomers per aggregate. In other words, 

ε = nε 
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Q = Q 

(5.8) 

 

Subbing Eq. 5.8 into Eq. 5.7, we have 

 

(0) =
1
V

∑ (j) c

(∑ j c )
 

(5.9) 

 

Now if the sample is immobile and has been partially photobleached by 

continuous illumination, the distribution of labeled molecules in the aggregate 

will decrease but the concentration of different aggregates will remain 

unchanged. Now, by assuming that photobleaching is 1) random, 2) 

irreversible, and 3) the rate of photobleaching of a molecule is independent of 

the number of molecules in the aggregate, we can express the probability of 

finding a j-mer with i-labeled subunits with the binomial function: 

( , , ) =
j!

(j − i)! i!
(1 − p)( )(p)  

(5.10) 

where  
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=
< >   

< >   
 

(5.11) 

is the probability for finding a labeled molecule. Summing over all aggregates 

within the observed volume, we have  

 

(0, 0)| =
1
V

∑ ∑ !

( )! !
(1 − p)( )(p)  i c

∑ ∑ !

( )! !
(1 − p)( )(p)  i c

 

(5.12) 

Where (0, 0)|  is the zero lag of the autocorrelation function of the 

photobleached sample. Eq. 5.12 provides an insight to evaluate the aggregate 

distribution by applying ICS on the image stacks of the progressively 

photobleached samples.  

Now imagine if all molecules within the observed area are labeled with 

one luminescence particle per molecule. In this case, the particle distribution 

determined using Eq. 5.12 is identical to the molecular distribution. On the 

other hand, if the labeling at the outset is incomplete, the equation would 

return an underestimated particle distribution. Thus, if the molecular 

distribution is known, by comparing it with the particle distribution, the 
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aggregated state of the sample can be deduced.  This approach is more 

advanced than other labeling schemes (e.g. antibodies), since the label 

distribution on the antibody can be absent when converting the label 

distribution obtained from Eq.5.7 into the molecular distribution. 

 

Result and Discussion 

In our study, we used the two-dimensional Fourier transform 

autocorrelation function (Eq. 1.23) for the analysis. Simulated CLSM images 

of monomeric dispersed fluorophores and fluorophores clusters were 

prepared, and all the parameters describing the Gaussian profile of these 

images were determined for each bleach step (Fig 5.9). By fitting in the 

Gaussian function, the photobleaching dependent g(0, 0), xy, and g were 

obtained. Since the molecular size of each entity was much smaller than the 

e-radius of the scanning beam’s profile, the finite optical transfer function of 

the microscope guaranteed that each monomer and oligomer was shown as 

single entities was widths of 250–350 nm in the scanning images. Thus, by 

making the assumption that all aggregates were sized much smaller than the 

PSF of the microscope, only g(0, 0) value would need to be considered. 
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The theory was also compared with simulations of a number of 

aggregates. The cluster density of our simulations was defined by, 

 

NCluster =
AreaImage

πϖxy
2

1

g(0, 0)
 

(5.13) 

 

Simulated CLSM image of cluster samples before and after bleaching 

were created following the process described in chapter 2.2. For each image, 

a) 

 

b) 

 
▲Fig 5.9 Representation of pbICS. A) Simulated CLSM image of monomeric dispersed 

fluorophores (conc. 1 particle per BA). After partial bleaching, the density of fluorescent 
entities was reduced to about half of its original value due to the loss of fluorescent 
labels. Since g(0, 0) is inversely proportional to the number of emitting clusters, the 
amplitude of the image’s spatial correlation doubled after the photobleaching process. B) 
Simulated CLSM image of fluorophores clusters. After partial bleaching, the intensity per 
cluster was reduced but the density of fluorescent entities only decreased slightly. As a 
result, the amplitude of the image’s spatial correlation had no significant changes after 
bleaching. 
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the fraction of fluorescence remaining after bleaching p(t) was calculated by 

the input bleaching time tb:  

 

p(t ) =  
I| − < >|

I| − < >|
 

 

(5.14) 

 

The relationship between NCluster  and p(tb) were fit into various models for 

oligomeric state distribution. A brief report of our results is plotted in Fig 5.11. 

More details about the experimental validation and related discussions of 

pbICS are published in Biophysical Journal 104(4) 1–9 [152].  

 

In this chapter, we showed that ICS precision is sensitive to changes in 

luminescence intensity and can act as an indicator of orientation or 

aggregation status of nanorod samples. However, since the aggregation 

characterization method was built upon idealized assumptions and provided 

no information about the aggregation status of the clusters, this method is not 

suitable to be used for characterization of clusters on PRMs in reality. 

Nonetheless, it provided some insights for how information of clusters and 

aggregates could be extracted from our samples of interest. In the next 

chapter, we introduce high order ICS (HICS), an upgraded version of ICS, to 

help us extract information of cluster density together with their status from 

CLSM images of PRMs. 
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a) b) 

c)  

◄▲Fig 5.11 Plots of simulated (discrete 
color data) and theory (solid black lines) 
pbICS curves as a function of cluster size. 
a) Cluster density verses fraction of 
fluorescence remained. Each simulated 
images consisted of 1000 fixed and 
homogenous aggregates. b) Normalized 
cluster density verses fraction of 
fluorescence remaining in monomer-
octamer systems, with octamer proportion 
equal to 0%, 5%, 25%, and 100%. c) 
Normalized cluster density verses fraction 
of fluorescence remaining in Poisson-

distributed aggregates with mean sizes corresponding to monomers, dimers, and tetramers. 
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Chapter 6 
High Order Image Correlation 

Spectroscopy of PRM 
 

lasmon coupling effect was another important factor ICS precision 

on PRM. When two nano-particles were located closely to each 

other, the peak location, the shape and the strength of their LSPR 

peak changed according to the distance between them (Fig 6.1). 

In the previous chapter, we examined how ICS responded to 

dimer-embedded PRMs. In this chapter, we introduce high order image 

correlation function (HICS), an upgraded version of ICS, to help us to extract 

information from these samples. 

The methodology of HICS was analogous to that of ICS, except that 

high order autocorrelation function was the autocorrelation of intensity 

squared or cubed of CLSM images [153]. The beauty of this technique was 

that the peak value of the high order autocorrelation function highly depended 

on the aggregates, therefore was able to provide information about 

aggregates, such as dimer, and their concentration [154]. Through already 
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available analytical expressions for peak values of high order autocorrelation 

function, HICS allowed us to extract the concentration of all species and their 

emitting quantum yield ratio all at once. 

 

 
► Fig 6.1 SEM and CLSM image of a spin coated nanosphere sample. When two 
nanospheres (or a pair of dimers) were located closely to each other, it turned out as one 
bright spot in its corresponding confocal scanning image. 

 

 

6.1 Introduction 

High order autocorrelation has been applied on many techniques, e.g. 

analysis of ion channel kinetics [155, 156], image recognition [157], 

nonequilibrium thermodynamics [158, 159], and studies of molecular 

aggregation [160-162]. The approach characterizes temporal signals or 

fluctuations by comparing the difference between their autocorrelations 

among different orders. High order autocorrelation function of FCS and ICS 

allows one to extract information of cluster density together with their status 

from images with pixel resolution under certain conditions. The method has 

successfully detected the presence of submicroscopic clusters [94], measured 

quantitative densities of different sized clusters in multi-component samples 
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[163], permitted the differentiation of relative fluorescence yields of species 

with different molecular weights [160], and extracted quantitative information 

about clustering of plasma membrane components [164].  

 

In the following sections, we follow the mathematics of how HICS 

approach can be deduced, and demonstrate how it reveals information about 

the aggregation of immobile gold nanosphere samples. 

 

 

6.2 Theory 

Similar to ICS, HICS analysis starts from measuring the fluctuation of 

emission intensity from particles in the focal spot of the scanning beam, as 

described in Eq. 3.1. Then, instead of using autocorrelation function of the first 

order as described in Eq. 1.22, a high order autocorrelation function is hired 

for the analysis 

 

, ( , ) =
< ( + , + , + ) ( , , ) > −< ( , , ) > < ( , , ) >

< >( )  

(6.1) 

 

Where (m, n) are constant integers (m<n) denoting the order of the 

luminescence intensity. This high order autocorrelation function is superior to 

the first order autocorrelation function as it provides additional information 

about the average density and relative quantum yield of multiple species in 

the observed volume. In the following discussion, we assume all luminescent 

species in our systems are clusters formed by identical monomers. 



109 

 

 

Again, since we are dealing with fixed samples, time domain always 

remains unchanged and therefore can be ignored. In this case, the spatial 

high order autocorrelation function, gm,n (x, y), is given by: 

 

, ( , ) =
< ( + , + ) ( , ) > −< ( , ) > < ( , ) >

< >( )  

 (6.2) 

 

It follows that the magnitude of the peak value located at the origin of 

the function is given by 

 

, (0, 0) =
< [ ( , )] > −< ( , ) >

< >( )  

 (6.3) 

 

In order to extract information from multi population samples, higher 

order moments of Eq. 6.3 has to be expanded in terms of fluctuations in lower 

orders. Theoretically, by definition of the cumulant of particular orders, the 

effects of all lower order moments can be cancelled out [153, 154]. In this 

case, cumulant analysis is more applicable than moment calculations for the 

purpose of computing the statistics of intensity fluctuations. Due to the above, 

the actual moment of a particular order can be represented by the cumulant of 

that particular order.  
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T h e d efi niti o n of t h e n t h or d er c u m ul a nt,  i s gi v e n b y t h e f oll o w 

e x pr e s si o n [ 1 6 5]: 

 

≔ 
( 0, 0 )

 

( 6. 4) 

 

W h er e K i s k n o w n a s t h e c u m ul a nt g e n er ati n g f u n cti o n ( C G F) a n d i s 

d efi n e d b y pr o b a bilit y di stri b uti o n c h ar a ct eri sti c f u n cti o n  ( ω) [ 1 6 6]: 

 

( ) ≔ l o g [ ( ) ] = 
!

 

( 6. 5) 

 

W h er e ω i s a p ar a m et er of a n y r e al v al u e f or all ω  (-  ω,  ω),   ω 0; 

a n d i n i s t h e i nt e n sit y v ari a bl e t o it s nt h p o w er. B y d e n oti n g t h e m e a n 

fl u ct u ati o n of t h e l u mi n e s c e n c e i nt e n sit y a s μ 

μ = < δi ( , ) > = < i ( , ) − < > >  

( 6. 6) 
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The expressions for cumulants can therefore be rewritten as listed 

below [167]: 













… 

(6.7) 

 

By assuming a Poissonian spatial distribution of the particles within the 

observing region, we can rewrite fluctuation moments in Eq. 6.5 in terms of 

the cumulants of i: 

 

μ =< (δi) > = [ε Q ] < C > I ( )d  

μ =< (δi) > = ε Q < C > I ( )d  

μ =< (δi) > 



112 

 

= [ε Q ] < C

> I ( )d + [ [ε Q ] < C > I ( )d ]  

… 

(6.8) 

 

Where  

S is the number of spatial dimensions,  

q is the number of particles contain in a cluster,  

r = the position of the emitting species, and  

C(r) is the local concentration of the luminescent species at r.  

 

Since the average fluctuation μ = 0, the zero-spatial magnitudes of the 

high order autocorrelation function are given by: 

 

g1,1(0, 0) =
μ2

μ′2
 

g1,2(0, 0) =
μ3

μ′3
 

g1,3(0, 0) =
μ4

μ′4
 

g2,2
(0, 0) =

μ4 − μ2
2

μ′4
= g1,3

(0, 0) − g1,1
2(0, 0) 
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g1,4(0, 0) =
μ5

μ′5
 

g2,3(0, 0) =
μ5 − μ2μ3

μ′5
= g1,4

(0, 0)

− g1,1(0, 0)g1,2(0, 0) 

… 

(6.9) 

 

Where μn′ is the integrated luminescence intensity given by 

 

μ ′ = (ε Q ) I ( ) < C ( , 0) > d  

(6.10) 

 

We can substitute Eq. 6.6 and Eq. 6.8 into Eq. 6.7 and obtain the 

following system of equation 

 

g , (0, 0) =
∑ [ε Q ] < C > I ( )d

[∑ ε Q < C > I( )d ]
 

 

g , (0, 0) =
∑ [ε Q ] < C > I ( )d

[∑ ε Q < C > I( )d ]
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g , (0, 0) =
∑ [ε Q ] < C > I ( )d

[∑ ε Q < C > I( )d ]
 

 

g , (0, 0) =
∑ [ε ] ( )

[∑ ε ( ) ]
 

+3
∑ [ε ] ( )

[∑ ε ( ) ]
 

… 

(6.11) 

 

Here we mathematically express the relative luminescent quantum 

yield ratio between the q-mers and monomers αq: 

 

αq =
εqQq

ε1Q1
 

(6.12) 

 

Note that Qq> Q1 since Qq represents the quantum yield of clusters 

containing multiple subunits. 

 

Also define: 
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γk =
Ik( )dS

V

[ I( )dS
V

]k
 

(6.13) 

 

and 

Bk =
∑ αq

k < Cq >q

[∑ αq < Cq >]q
k 

(6.14) 

 

We can simplify Eq. 6.11 as the following equation system: 

 

g1,1(0, 0) = 2 2 

g1,2(0, 0) = 3 3 

g1,3(0, 0) = 4 4 

g2,2(0, 0) = 4 4 + 3[ 2 2]2 

… 

(6.15) 

 

Theoretically, we can extract information from our target system 

containing infinite luminescent species by substituting m and n with 1, 2, 

3…. However, if more species are included in a single image, simultaneous 
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equations of higher order has to be solved in order to extract its information 

completely.  For simplicity, we only deal with di-population systems in our 

studies. In this case, only B2, B3 and B4 will have to be resolved [141]. Here, 

by rearranging the subject of each equation, we have: 

 

B2 = g1,1(0, 0) 2
1 

B3 = g1,2(0, 0) 3
1 

B4 = [g1,3(0, 0) - 3g1,1(0, 0)] 4
1 

(6.16) 

 

By solving g1,1(0, 0), g1,2(0, 0) and g1,3(0, 0) in Eq. 6.15, we can 

determine the emitting quantum yield ratio of the aggregate to the monomer, 

, and the concentration of the monomer and that of the cluster, N1 and N2. 

 

6.3 Simulations 

The real solutions of Eq. 6.15 represent the population density of the 

two species, N1 and N2, as well as their quantum yield ratio, α. In order to 

validate the accuracy of HICS on di-population plasmonic random media 

analysis, we simulated confocal laser scanning images of a sample that 

contains monomers and dimers of gold nanospheres at 80 nm diameter.  

 

To simulate a scanning image of PRM for two species, we first 

generated an image matrix CN1 with particle concentration set to N1, following 

the procedure described in Chapter 2.3 We then simulated a second image 
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matrix CN2 with identical settings, except its particle concentration was set to 

N2. The intensity of each pixel in CN2 was then multiplied by  and then added 

to CN1 to form the final image matrix CTotal: 

 

= +  

(6.17) 

 

The value of was able to be customized in our simulation 

programme. For plasmon coupled gold nanospheres within the electrostatic 

limit, scattering intensity increased with volume squared. Therefore, we 

estimated that the intensity of dimers was about 4 times of that of the 

monomers of gold nanospheres with a diameter of less than 80 nm. In other 

words, we set  = 4 in for systems consisted of monomers and dimers only. 

This approximation was valid for two closely coupled gold nanospheres with a 

diameter of less than 80 nm and separated less than 8 nm apart (refer to Fig 

1.5 for more details). 

 

After obtaining simulated di-species images, we calculated their gmn(0,0) 

values (m, n = 1, 2, 3) using Eq 6.9.  We then substituted these values into Eq. 

6.15 to obtain B2, B3 and B4. Through solving this system of equations, we 

obtained 7 sets of solution. Among these solutions, 5 of them were infinite 

solutions that indicate overlapping volumes or plans in the Cartesian 

coordinate system and did not have any physical meaning. The remaining 2 

sets of solution were finite, indicating {N1,N2, α} (α >1, treating the dimmer 

particles (i.e. monomers) as primary subunits) and {N2, N1, α’} (α‘= 1/α <1, 
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treating the brighter particles (i.e. dimers) as primary subunits). In our 

analysis, we filtered out all solutions sets with infinite values or with α term <1, 

and took the remaining solution as our output solution sets for N1, N2 and α.  

 

 

 

 

 

 

 

6.4 HICS Validation 

6.4.1 Concentration 

In order to validate the precision of HICS, we repeated the work 

published by Mikhail et al in 2006 [141]. In our simulations, we fixed the 

amount of N2 at 0.001, 0.010, 0.100 & 1.000 clusters per BA, and adjusted the 

amount of N1 from 0.001 to 10 clusters per BA in each case. As discussed in 

the previous section, we set  = 4 in order to simulate systems consisting of 

monomers and dimers only. The HICS analysis results of these simulated 

images are plotted in Fig 6.3. Note that all data in the plots were averaged by 

the results of 500 images.  

 

From this result, we can see that HICS analysis agreed well with the 

inputs whenever the given range of N1>N2. Moreover, as total particle density 

 

◄ Fig 6.2 Simulations of a CLSM image of 
sample contains monomers and dimers 
only. The concentrations of the monomers 
and of the dimers are 0.09 and 0.01 
particle per BA respectively. The quantum 

yield between the two species,  is set to 
be 4. 
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increased, the accuracy of the method decreased significantly. These results 

indicate that it is important to operate HICS within its dynamic range in order 

for the method to be precise.  

 

 

 

 

6.4.2 Quantum Yield  

The precision of HICS decreased with respect to the decrease of 

[141]. When the quantum yield ratio of two species was less than 2, the 

precision and dynamic range of HICS analysis decreased significantly. In our 

studies, we simulated images of di-populated system with  set to 8. The 

results of the analysis are plotted in Fig 6.4. All data in the plots were 

averaged by the results of 500 images.  

 

◄ Fig 6.3 HICS results of the 

simulations. The plots show the A) 

N1, B) N2 and C) Alpha of simulated 

sample without background noise. 

Each data is averaged by analysis of 

500 images. 
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a) 

 

b) 

▲Fig 6.4 Comparison of HICS calculated a) N1& N2, and b) with input  set to 8.  The 
calculated results matched up with the inputs nicely within the dynamic range of HICS. 
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6.4.3 E-radius 

In order to examine the influence of e-radius variation on HICS, we 

simulated images of gold nanospheres samples with scattering PSF profile of 

different oligomers variations. We simulated images of monomer-dimer 

systems, where the e-radius of dimmers PSF was 2.0 times larger than that of 

the monomers. The results of the analysis are plotted in Fig 6.5. All data in 

the plots are averaged by the results of 200 images. 

 

From the results, we can see that the defocusing did affect HICS 

analysis. N1 was always underestimated within its dynamic range (i.e. when 

N1>N2). N2 was not accurate in all cases and had shown no relationship with 

respected to true values. In a low concentration regime, the calculated was 

very accurate within its dynamic range, but the precision decreased with 

respected to the increase in concentration.  
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a) 

 

b) 

 

▲Fig 6.5 Comparison of HICS calculated a) N1& N2, and b)  with e-radius of the dimers PSF 1.5 greater 
than that of the monomers. According to the result, N1 was always smaller than its true value when 
N1>N2. The calculated N2 was inaccurate in all cases, and showed no relationship with the true values. 

When the total particle concentration was low the calculated was very accurate within its dynamic 
range, but accuracy started to fall off as concentration increased. 
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6.4.4 Noise Correction 

In order to eliminate the contribution of noise, we developed a noise 

correction equation for the spatial high order autocorrelation function: 

 

, (0,0) =
, (0,0) < i Image >m n− , (0,0) < i >m n

(< >  −< > )
 

 (6.18) 

 

The main idea of the noise correction method is to subtract the gm,n(0,0) 

value of the noise from that of the signals measured from the image. The 

concept of Eq. 6.18 is equivalent to that of the noise correction equation for 

ICS given by Eq. 3.8, but the former evaluates the (m+n)th order of the 

average luminescent fluctuation instead of that of the first order. 

In order to test the performance of this noise correction equation, 

scanning images of di-populated samples were simulate with varying SNR. 

Fig 6.6 shows the results of HICS with and without noise correction for 

images with signal to noise ratio = 30. The results show that background 

noise correction effectively enhanced the accuracy and dynamic range of the 

analysis. 
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a) 

 

b) 

 

c) 

 
▲Fig 6.6 Comparison of HICS results before and after noise correction. 500 scattering 

images with N1 (monomer concentration) = a) 0.01, b) 0.10 and c) 1.00 m-2 were 

simulated. The values of N2 (dimer number) and  were set to 0.001 and 4 respectively. 
The simulations were repeated under different noise levels (SNR ranged from 1 to 
1000), and the HICS results of these noise-enhanced images were calculated using 
equation with (Eq. 6.3) and without noise correction (Eq. 6.18). The results proved that 

Eq. 6.18 can efficiently suppress noise interruption on HICS if N1, N2 and  lie within 
their dynamic range.  
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6.5 Experimental Validation of HICS on PRM 

To experimentally validate the capability of HICS on PRMs, six 

nanospheres samples were prepared using the spin-coat method. CLSM 

images were recorded on areas containing monomers and dimers only 

(deduced by the SEM images). As a control measurement, one image 

containing a trimer and another containing a tetramer were also recorded. 

HICS was performed on these images with noise correction, and the results 

are compared with its true concentration (manually counted from SEM images 

of these samples).  

 

a) b) 

c) 

◄▲ Fig 6.7 HICS results of the 
experimentally recorded CLSM images. The 

histograms show the a) N1,b) N2 and c)  of 
spin-coated nanosphere samples. The 
nanospheres used were 80 nm in diameter, 
purchased from NanoSeedz™. All HICS 
results matched the manually measured 

N1,N2 and  among all samples, except 
sample #7 (trimer included sample) and 
sample #8 (tetramer included sample). 
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Sample #1 
(Monomers & Dimers only) 

Sample #7 
(Trimer included) 

Sample #8 
(Tetramer included) 

▲ Fig 6.8 SEM and CLSM images of sample #1, #7 and #8. The measured SNR on 

these images was about 300. 

 

 

As we can see, HICS-calculated N1, N2 and  matched up nicely with 

manually measured values among all samples consisting of monomers and 

dimers only. Where trimers and tetramers were included, N2 and alpha values 

calculated by HICS result were alerted. The results indicated that HICS was 

accurate, and was sensitive to the aggregation states of oligomers within the 

observed area. 
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6.6 HICS Characterization on Nanorod Orientation 

As mentioned in section 6.3.2, whenever emitting quantum yield ratio, 

, is smaller then 2, HICS analysis diverges from the true value, while its 

increase leads to an increase in HICS precision. Based on this, we propose a 

new method to characterise the degree of randomness in NRs orientation 

using HICS analysis. This method allows one to deduce the statistical model 

of the randomness of NRs by simply measuring the normalized <N2> 

calculated by HICS. 

 

CLSM images of samples with different orientation distributions were 

simulated following the method suggested in chapter 5.1.2. The degree of 

orientation of these samples were set to follow a normal distribution ~N(0o, 

). The images were then analyzed by the HICS method. From the results, 

we found the values of N1, HICS and HICS showed no patterns, while the trend 

of N2, HICS behaved like a sine square curve (Fig 6.9 a). The trend was 

consistent if particle concentration was less than 1, and the curve relaxed as 

concentration increased. We also noticed that the standard deviation of the N2, 

HICS values boosted significantly with respect to the increase in particle 

concentration (Fig 6.9 b), which suggested that PRMHICS favoured a low 

concentration environment. 
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▲ Fig 6.9 a) Variation of the Normalized <N2, HICS> with respect to . The results show that 

when  increased, the trend of the Normalized <N2, HICS > followed a sine square curve, and 

this trend was independent from sample density in low concentration regimes. Green dotted 

line: the half sine squared value of . b) Standard deviation of <N2, HICS> with respect to . 

Note that the standard deviation of <N2> increased dramatically in proportion to particle 

concentration and to . All data were averaged by the HICS results of 200 images. 

 

The simulations confirmed that <N2> calculated by HICS analysis was 

highly sensitive to orientation distribution, and could be used as an indicator of 

orientation statistics. It was independent from density, which greatly advanced 

the method of orientation characterization using ICS. To examine the method 

experimentally, HICS was performed on images of EBL sample with STD = 0o 

used in section 5.1.3. The result of the analysis is plotted in Fig. 6.10. The 

experimental results matched up nicely with the simulations and confirmed the 

practicability of the method. 
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▲Fig 6.10 Comparison of simulated and experimental HICS Normalized <N2, HICS> values 

of samples with density = 0.158 particles per beam area. The measured signal to noise ratio 

(SNR) was 15 ± 5. Same amount of noise was introduced to the simulation, and the effect of 

noise on ICS analysis was corrected using the method recorded in (12). All experimental data 

were averaged by the results of 10 images. The images used here were the same set of 

images used to validate PRMICS in section 5.1.3. The experimental results showed a good 

match up with the simulation.   

 

Even though PRM characterization by HICS has limitations in species 

concentration, they are outweighed by greater benefits as the method allows 

us to extract information on the statistics of particle properties from PRMs in a 

quicker way. The largest advantage of this method is that it is able to perform 

measurements even if clusters and aggregates exist in the media. The 

methods can examine the concentration of each cluster species and their 

scattering quantum yield ratio. Additionally, since the procedure of this 

method is regulated, the analysis can be mechanized and carried out without 
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manual control. Due to these reasons, this new characterization method is 

able to handle rapid and massive data collection, and is suitable to be 

employed for rapid analysis of massive medical samples. 
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Chapter 7 
Conclusion and Future Works 

 
7.1 Thesis Conclusion 

n this thesis, we revealed how ICS (and its variations) responded to 

plasmonic random media. Based on the results of our study, we were 

able to extract statistical information on the randomness of plasmonic 

particles. We also developed a new, non-destructive method to optically 

characterise plasmonic random media using the ICS method. 

 

Plasmonic Random Media refers to a dielectric media embedded with 

randomly mixed plasmonic nanoparticles. Studies and applications involving 

the practice of PRM had been widely brought out in previous decades. Even 

so, non-destructive PRM characterization by optical method is still absent due 

to the random nature of the medium itself.  Here, we hired ICS to perform 

analysis on gold nanosphere and nanorod samples, and demonstrated how 

the method can help us deduce the statistic distribution model of orientation, 
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aggregation status and degree of compartmentalization of particles. 

 

ICS is an analysis tool that reveals information of luminescent particles 

recorded in confocal laser scanning or wide-field microscope images. It has 

been widely applied in cell biology studies, especially in the study of 

aggregation dynamics on cell membrane. Through measuring the intensity 

fluctuation across images, particle density within the scanning region can be 

extracted from the amplitude of spatial autocorrelation function. The method is 

promising if, and only if, spatial distribution of the emitters is Poissonian, and 

the emitters’ QY is uniform and unchanging if emitters aggregated. 

 

Emissive particles embedded in PRM have heavy distributions in 

quantum yield due to the random nature of their aspect ratio and volume, 

orientation and plasmon coupling, which violates conditions for ICS 

application. For this reason, if one tries to obtain the density of a PRM with 

ICS, one suffers from large error. 

 

In order to examine ICS response on PRM samples experimentally, 

samples with plasmonic particles with different degrees of randomness had to 

be prepared. In our case, randomly embedded gold nanorod and nanosphere 

samples were created by spin-coating, and organized samples were 

fabricated using the EBL method. Images of randomly selected areas on 

these samples were recorded by confocal laser scanning microscopy.  
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Meanwhile, by convolving appropriate PSF on particle locations, 

scanning image simulations of random and organized nanoparticle samples 

were created. All experimental and simulated images were then analysed by 

ICS, and the inverted g(0, 0) values were compared to particle within the 

scanning areas. By plotting the ratio < NICS> /N0 against the standard 

deviation of the individual characteristics of the nanoparticles, ICS precision 

could be related to the statistic distribution of particles and thus allowed the 

characterization of PRMs. 

 

To begin with, we investigated how PSF affected ICS precision. 

Through simulations, we found that there was not much difference between 

the ICS results of scanning images with Gaussian PSF and airy PSF. We also 

observed that the focal spot size and a small degree of defocus due to the 

thickness of the sample did not affect the mean value of ICS results, but led to 

an increase on the standard deviation of the g(0, 0) values. On the other hand, 

background noise always induced a sharp peak on the actual correlation 

signal, and thus decreased <NICS> from its expected values. Noise correction 

equation was introduced to our analysis so that the ICS errors can be 

minimized.  

 

After examining the influence of environmental conditions on ICS 

performance, we turned our focus on ICS accuracy alteration due to sample 

properties. Recall that for ICS to work with 100% accuracy, the spatial 

distribution of the luminescent particles must be perfectly random. However, in 

most nano-applications, particles are compartmentalized to enhance efficiency. 
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In this case, the effect of compartmentalization on ICS must be clarified. 

Through simulations, we examined how ICS performed on samples with the 

spatial distribution of particles restricted by macro- and micro-

compartmentalization. We qualitatively defined the degree of macro-

compartmentalization as “the area of particles being restricted divided by the 

area of the scanning area“; the degree of micro-compartmentalization was 

defined by “the diameter of the compartmentalized area of each individual 

particle divided by the diagonal length of the scanning area”. From our results, 

we found that ICS precision followed the degree of macro-

compartmentalization directly, and ICS results were magnified in proportion to 

particle concentration if the particle were aligned. 

 

 

The effect of QY variation on ICS was also examined.  As mentioned 

before, the scattered QY of a nanosphere or a nanorod greatly depended on 

its aspect ratio, orientation and aggregation status.  In our study, we examined 

the influence of nanorod orientation distribution and coupling effects on ICS 

precision.  

 

Orientation distribution of plasmonic nanorods affected the unity of the 

QY to a great extent. The scattering intensity of a metallic nanorod followed 

the cosine square of the angular difference between its major axis and the 

direction of polarization. Therefore, the light scattered from aligned rods was 

more united, while that of randomly orientated rods was distributed arbitrarily. 
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This difference affected the intensity fluctuation across CLSM images and as 

a result, their orientation statistics could be reflected from the precision of ICS 

results among them. Based on this fact, we proposed an nanorods orientation 

characterization method by ICS and validated the method using simulations 

and experiments. 

 

Plasmonic aggregation between nanoparticles led to a change in the 

peak location, shape and strength of their LSPR spectrum. The change was 

highly dependent on the inner-separation between particles within a cluster. In 

a di-populated system, the increase of cluster concentration led to a gradual 

decrease in ICS value to about 50% of the expected value, and the gradient 

of this decrease depended on the inner-separation within the cluster. Based 

on this, photobleaching ICS was invented as a new method to characterize 

the aggregation distributions of gold nanosphere embedded in cells 

membranes. Through gradual photobleaching, disparity between the 

luminescence of the monomers and oligomers could be distinguished. This 

difference reflected on ICS results and thus allowed us to indicate the 

aggregation distribution on labeled cell membranes. 

 

This finding provided insight into how information of clusters and aggregates 

could be extracted from PRMs, but since it provided no information about the 

aggregation status of the clusters, we investigated a new analytical tool. We 

found that HICS was able to extract information of cluster density together 

with their status from CLSM images of PRMs in low concentration regimes. 

HICS utilized high order autocorrelation function to account aggregates, and 
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was therefore able to provide information about the aggregates’ state and 

concentration. Through simulated studies of the dynamic range of HICS on di-

populated systems, we found the method to be accurate when the density of 

brighter species was similar but less than that of the dimmer species, and 

when the quantum yield ratio between the species was larger than two. By 

introducing the noise correction equation to high order autocorrelation function, 

we successfully suppressed the influence from undesired background signals 

on HICS. 

 

Finally, we demonstrated orientation characterization on nanorod-

embedded PRMs by HICS through both simulations and experiments. As 

shown in chapter 6, the increase in STD of rod orientation led to an increase 

in normalized <N2>. Since the trend of this increase was independent from the 

sample density in low concentration regime, <N2> was capable of indicating 

orientation statistics of plasmonic nanorods. 

 

When comparing to other existing PRM characterization methods such 

as SAXS, SEM & TEM… etc. (see Section 1.1.3), ICS characterization reveal 

status of plasmonic particles in a macro point of view. The method is not 

accurate when the sample size is small (i.e. >50), but it allows information be 

rapidly extracted from massive samples (takes about 1 millisecond for 100 

images, while the current analysis accounts for single samples in 2-3 minutes). 

It is fair to say that this method sacrificed a small degree of precision in 

exchange for a huge boost in speed. The tradeoff is worthy in commercial 

applications, since it greatly lower time and human cost on the assignment. 
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7.2 Outlook 

This research can be further extended to enhance the ICS 

characterization method in more categories, allowing the method to perform 

quality checks in real life PRM applications.  

 

7.2.1 Characterization of Size distribution by ICS 

Method 

Except coupling effects, LSPR of plasmonic nanoparticles also 

depended on size and geometry. In the case of nanorods, the QY scattering 

from the particles depended on their aspect ratio. Distinction on rods’ 

dimensions led to a change on QY distribution. Akin to coupling effects, 

random size distribution influenced ICS precision by altering the LSPR 

spectrum and therefore diminished the unity of the scattered QY. However, 

the latter was more complicated as the distribution of aspect ratio involves the 

distribution of width and length of the rods. In other words, the statistics model 

of aspect ratio distribution of  rods was more likely a multi-distribution model. 

In this case, a specific value of ICS precision on random-sized nanorods 

samples may point to two or more values of aspect ratio. 

 

7.2.2 Theory model of compartmentalization 

Although the influence of macro- and micro-compartmentalization on 

ICS precision was revealed in chapter 4 of this thesis, a mathematical 
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explanation was not completed for the observation. The reason driving the 

ICS results from 100% accuracy was that the variation of the distribution no 

longer equated to the expectation, thus the g(0, 0) calculated by 

autocorrelation function no longer represented the inverse of the mean 

number of particles per beam area. 

 

 

7.2.3 Theory model of Orientation Characterization by 

HICS  

Similar to the case of compartmentalization, the mathematical 

explanation of rod orientation distribution’s influence on HICS can be 

developed. At the present time, we only reveal how <N2> responded to the 

variation of , the standard deviation of the rod orientation.  However, the 

relationship between <N1>,  and  had yet to be established. According to 

our results, the data points dispersed randomly over the plot, and its variation 

seemed to have no continuality with respect to the change of . The reason 

for this occurrence will need to be studied so that a complete model of the 

characterization method can be accomplished. 

 

 

7.2.4 Characterization of Multi-PRM-Properties by ICS 

PRM characterization by ICS and HICS only allowed one property to 

be examined in each analysis. The two methods were established upon the 

fact that averaged ICS result was sensitive to the consistency of the quantum 

yield of the emitters within the media, and at the same time, quantum yield of 
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the emitters was strongly influenced by the emitters' properties. Thus, if the 

fluctuation of the quantum yield was sourced by the distribution of multi-

properties, the mapping may no longer be bijection (i.e. an one-to-one 

correspondence) and would conduct multi-solutions for the analysis. For the 

same reason, the analysis results were only promised if the quantum yield 

fluctuation due to particle couplings were ignorable within the media. The 

condition was established if the concentration of the particles were low (< 1 

particle per BA). To apply PRMHICS, apart from preventing aggregate 

formation, the emitting particle concentration must be highly restricted due to 

the limitations of HICS mechanism. As demonstrated above, the analysis was 

only unfailing if emitting particle concentration was smaller than 0.7 particle 

per BA. If the particle concentration exceeded the limit, mapping would not be 

bijection. 

 

7.2.5 Future Application 

The biggest advantage of the new characterization methods 

demonstrated in this thesis is their flexibility in measurement subjects. The 

methods can be applied to examine the distribution of any particle properties 

that alert the particles' scattering quantum yield. For example, the methods 

are capable to investigate the distribution of particle shape, particle size, 

thickness of coating material, and the coupling degree between isotopic 

particles. On the other hand, since the procedure of these methods are 

regulated, the analysis can be mechanized and carried out without manual 

control. In addition, as the methods quantified the statistics of target PRM by 



140 

 

the NICS/N0 ratio, the resulting data is easily compared and presented. Due to 

the above reasons, these characterization methods are able to handle rapid 

and massive data collection, and are suitable to be employed in quality 

checks for mass produced nano-devices and rapid analysis of massive 

medical samples. An example of its potential application is to be hired as 

means of cell membrane activity studies. In one of our published paper we 

demonstrated how pbICS can determine the aggregation states and therefore 

study cell membrane activities in supramolecular scale among intact cells 

without the requirement for a brightness standard [168]. Another example of 

ICS characterisation application is to check the quality of manufactured 

nanomedicine products such as Microneedle [169-172]. Microneedle is a 

transdermal patch coated with silicon microneedles arrays. It can by-pass the 

stratum corneum barrier and achieve transdermal drug delivery. By applying 

ICS characterisation, one can easily check the arrangement and pin length 

among massive Microneedle patches in a snapshot.  

Besides commercial applications, characterization methods also have 

great potential in the study of bioconjugation of plasmonic particles. Since 

they make use of CLSM images, they are non-destructive and can preserve 

the examined sample. As a bonus, as the focus of scanning is tuneable on the 

z-axis, the analysis can be carried out in a range of distances under the 

surface of the specimen. Furthermore, these analyses are not sensitive to 

noise if background noise profile is provided. Therefore, characterization 

methods are useful in the analysis of statistical models of plasmonic 

bioconjugations, especially when checking orientations of anisotropic 

plasmonic labels during cell dynamics studies.  
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