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Abstract

As the era of microscale technologies becomes increasingly overcome by that of the nanoscale, an ever-increasing
emphasis on the accurate modelling of such scaled systems is apparent. This work explores the combination of the
finite element method with a new set of statistical algorithms to model the optical properties of disordered
nanoscale morphologies. A silicon surface textured with a random distribution of nanowires is created to simulate,
as an example study, how it responds to incident light. By averaging over many iterations of the model in which the
structural parameters are varied around average values, a good match to experiment is achieved, showcasing an
error as low as 1.34% in magnitude against measured data. This research introduces a fresh computational approach
to simulating heterogeneous material structures widely applicable for modelling across the field of nanotechnology.

Keywords: materials, modelling, nanoscale, COMSOL, heterogeneous
1) Introduction

Modern computational and mathematical methods permit us to recreate many different physical conditions to
model various systems accurately. The finite modelling methods are at the forefront of this area with unparalleled
accuracy, robustness and versatility. In particular, the finite element method (FEM) has been hailed as one of the
most powerful tools in electromagnetic (EM) wave optics [1,2] due to its unmatched level of control over its
simulation domains, yielded in-part due to its adaptive free-tetrahedral approach to meshing. The FEM has also been
showcased to work well for fluid dynamics, thermal propagation and structural mechanics [3]. Modelling such
problems using this method heralded an interest in the late 1990s, whereby increasingly more complex structures
needed to be modelled, and often in-place of their fabrication [3]. This same level of interest has lingered for the
modelling of structures with further complexity at even smaller scales and remained the principal motivation of the
work reported here [4].

Vertical, protruding silicon nanowires (SiNWs) are of interest within the field of nanotechnology as a result of their
broad set of applications. This is inclusive of areas within optics [5-7], nanosensors [8], nanoelectronics [9] and
photovoltaics [10-13]. Such structures, regardless of their application, are commonly formed through one of two
“top down” fabrication methods: reactive ion etching and metal-assisted chemical etching. Despite each type of etch
producing slightly differing SINW properties, surface heterogeneity is constantly observed across all of them.
Variations between individual SINWs, as well as their tendency to bunch together unpredictably, are visibly apparent
in many distinct studies [10,11,13-18]. Attempts have been made, prior to this work, to model SiNWs with largely
varying accuracy as a result of these unpredictable properties. These attempts include using the effective index (El)
[19], finite difference time domain (FDTD) [20], and finite element [21,22] methods. Given that all computational
methods rely on periodicity to a lesser or greater degree, truly heterogeneous structures like SINWs are impossible
to simulate with complete accuracy. Instead, we take a fresh mathematical and iterative approach to simulating such
material systems, used in conjunction with the FEM and COMSOL Multiphysics®t, to give a model with a higher
degree of reliability and accuracy.
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2) Modelling Methods

Effective pseudo-randomisation requires a high degree of sequential mathematical processing, to which a
substantial number of random’ functions, logical switches and iterative calculations must be employed before any
geometry is even realised. The entire model reported here was reduced to be inclusive of three key pre-processing
stages, listed respective of their execution order:

1. Randomisation and constraint;
2. Generation;
3. Meshing.

Post-processing was limited to a single step process, whereby the number of geometry iterations, n, required for
convergence could be distributed appropriately for the system architecture. On multi-parallel computer systems, a
network consisting of multiple individually addressable multi-thread compute nodes, this can be done immediately
given that the point of convergence n is already known. For serial or low-powered computer systems, this would run
in the form of a closed loop; one iteration after another, at the cost of substantial runtime. The point of data
convergence is a crucial study that must be carried out prior to simulation on parallel-execution systems for a given
simulation geometry to be modelled accurately and efficiently. This takes the form of a single parameter simulation
run with multiple geometries and averaging on the result of each. Theory outlines that we must reach a point where
an individual simulation result does not cause large deviation from the summed average of those before it; this is the
point of convergence. On serial or low-powered computer systems however, this study is not required as the solver
sequence can determine convergence after each iteration.

Once guidelines for the desired geometry of the model are known, static parameters are input to the program
outlining specific properties of the surface being modelled. Here, given we recreated a surface covered with SiNWs,
scanning electron microscopy (SEM) images were used as a basis for these parameters. These images are shown in
figure 1.

(a) (b)

Figure 1: Scanning electron microscopy (SEM) images of a silicon surface decorated with vertically
aligned nanowires from side-on (a) and top-down (b). This sample was fabricated and imaged for
the work reported here.

Average values for the dimensions of the SiINWs in the model geometry are used as a point-of-reference to which
randomisation can be applied. For instance, from the images shown in figure 1, SINWs in the fabricated sample have
an approximate height (h) of 1 um, approximate average separation (pitch, g) of 180 nm and diameters (d) of up to
160 nm. Whist each SiNW is different, these average values are representative of the properties across the entire
surface of the sample. Some degree of pseudo-randomisation can then be applied to each SiINW within the model
geometry. Each of these properties are varied on a per-SiNW basis using the following formulation:

z2(8) = zg + Az(S) )



CoO~NOUO_WNE

Here, z is the randomised parameter, zo is the average value for that parameter as outlined previously and Az is
some random variation to be applied dependant on a given input seed, S. Each parameter is varied within a set
range. This is carried out by defining Az as a random function with a mean of zero and a range of some definite
amount. The model reported here applied the variation limits shown in table 1. Uniform functions were employed
over Gaussian ones to enable greater control and predictability in the variation of a given static parameter.

Parameter, z(S) Average Value, z, Applied Variance, Az(S)
Radius (0.5d) 50 nm -30 nm < Az <30 nm
Height (h) 1pm -15nm < Az <15 nm
Pitch (g) 180 nm -56 nm < Az < 56 nm

Table 1: Variations applied to the key parameters of each silicon nanowire.

The values shown in table 1 are derived from SEM images of our manufactured SiNWs. Commonly, we have
observed little deviation in height given a well-executed etching process. However, pitch and radius vary
considerably more than this, and subsequently larger magnitudes of applied variance were permitted for these
properties. Generating the SINWs within the model geometry required a multi-step construction process consisting
of several sub-elements. Notably, we needed to create a footprint, spine, and extrusion for each SINW generated
within their respective array. Experimental observations of real variants of these surfaces have demonstrated how
such structures may benefit from not simply being modelled as cylinders extruding from the surface on which they
are situated. For example, Scheul et al. [23] have demonstrated that many SiNWs have unpredictable outlines
presenting an additional route for randomisation of a different type here.

Random footprints for these SiINWs were generated using a different random function coupled with a parametric
curve element. This curve defaulted to unity at the scale set for the model; the nanometre range here. Subsequently,
the parametric curve was initially generated about an approximate radius of 1 nm. This was scaled-up to the correct
size as defined by the randomised radius variable rosq for that SINW by multiplying the two together. This
mathematical method is shown for both the x and y components of the curve in equations (2) and (3), where S is the
input seed, ry is a uniform random distribution, rg is a Gaussian random distribution, N is the spatial frequency
resolution and b is the spectral exponent.

N

2w(S) = r54(S) cos(2ms) |1+ 0.1 Z [i_"r'g(i. S) cos (2mis + 7,(1, S))]

i=—N ()
1\7
Y (S) = ro.54(S) sin(27s) |1+ 0.1 Z [z’”’r'y(i, S) cos (2mis + 1,(i, S))]
i=—N (3)

The values used in equations (2) and (3) to create the random footprints reported in figure 2 were N=10and b =
0.7. For the uniform random distribution, r,, a mean of zero and a standard deviation of i was used, whilst for our
Gaussian distribution, rg, @ mean of zero and a standard deviation of one was used. Figure 2a illustrates the
relationship between the statically defined radius 0.5d and the randomised parametric curve about it after using the
radius as a multiplier. In this form, it is important to realise that the curve is simply a boundary, and subsequently
cannot be extruded into 3-dimensional nanowire domain directly. Instead, the convert-to-solid (CTS) geometry
method within COMSOL Multiphysics®* was used to fill the area enclosed by this curve and subsequently visualise it
as a surface instead. The use of this method required the implementation of a separate work plane, consisting of the
newly-created surface, mapped to the original 3-dimensional domain. This meant that each SiNW footprint was not
created within the original coordinate system but could be referenced from it. The work plane had a 2-dimensional
Cartesian coordinate system denoted by xw and y,, and held the footprints for all SINWs within the array, inclusive of
their variable pitch as shown in figure 2b.
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Figure 2: The domain-mapped 2-dimensional work plane hosting an exemplar single parametric
curve-based boundary (a) and a 4x4 array of SINW faces demonstrating variable pitch g and
radius 0.5d (b).

The 3-dimensional extrusion of the surfaces shown in figure 2b is achieved externally from the work plane in the
core simulation domain. These surfaces can be addressed individually and formed into nanowires using a Bézier
polygon configured as a quadratic curve as a basis for extrusion. It is to this curve where the variation of height h
must be applied, as well as any bend/bunching properties. In reference back to figure 1, it is clearly visible that these
nanoscale structures tend towards one another at sufficient height. Being able to recreate this in simulation enables
a further increased level of accuracy and enables us to observe how this effect changes other properties of the
surface. An imaginary line is configured to be drawn between any two parallel edges of the model. Shown in figure
3a is this line bearing right whilst originating from the left. Using this line as a basis, a radius around it can be drawn
to create an area of oblong proportions; this is the bunching zone. Any one of the 16 SiNWs created here, whose
base sits within this zone, will be influenced towards this imaginary line laying directly in the centre of the zone each
to varying degrees and with slightly different directions.

nm

nm x10% nm

05

(b)

Figure 3: Demonstrating how bending and bunching is achieved between the bottom and the top
(highlighted in blue) of each SiNW. The tops can be seen to have the same shape as their
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respective footprints but have been translated toward a bunching zone shown in red (a) following
their Bézier polygon spines (b).

By generating enough different iterations of this geometry, we can simulate each whilst taking an average of all of
them to more accurately obtain the property we are trying to simulate. In the case of this work, surface reflectance
was taken as the property of interest.

3) Software Configuration and Optimisation

COMSOL Multiphysics®' is a finite element analysis tool, used in the completion of this work, employing various
direct and/or iterative solvers to compute discretised partial differential equations (DPDEs). Partial differential
equations (PDEs) are infinitely regressive and representative of real physical geometries existing in both space and
time. Analytically near impossible to solve, discretisation needs to be introduced to these systems to ensure that
there are only a finite number of elements making up an infinitely complex geometry. Conversion from a PDE to a
DPDE makes the problem solvable in real-time. The solution accuracy for such DPDEs is highly dependent on the
level of discretisation used within a given solver sequence. Studies were carried out to determine the minimum
mesh element size required to accurately render our model, prevent deformation and to minimise the risk of

unnecessary over-computation. On completion of this study, the solver generates a mesh and superimposes it over
the un-discretised geometry. As demonstrated in figure 4, this will always introduce some aliasing into the model
regardless of the mesh’s density.
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Figure 4: A direct comparison of a single unit-cell product of our randomisation and constraint
pre-processing sequence, once it has been generated in the second step, before and after its mesh
has been superimposed.

Once the entire geometry is meshed, it becomes possible to simulate it. Here, we employed the EM waves,
frequency domain (EWFD) interface within Wave Optics Module of COMSOL®* to determine the reflectance of our
geometries. A FEM model exhibiting such a high level of mathematical dependency on extra-geometrical
components requires a considerable number of pre- and post-processing steps. As stated previously, the model was
broken-down into key processing stages and executed in the appropriate sequence. It was designed to be as efficient
on resources and accurate as possible. The randomisation of individual geometric features could be done anywhere
in the pre-processing sequence. Despite this, we decided that it was crucial for all randomisation to occur before any
rendering took place; significantly saving on computational resources and time. The implication here being that
rendering a non-randomised geometry, only to then have it randomised and subsequently re-rendered, was
undesirable, particularly on computer systems that lacked any graphics processing units (GPUs). Incidentally, this
simulation is tailored to run remotely on the IRIDIS 5 supercomputer?, notably lacking any form of GPU on its

1 The IRIDIS Compute Cluster. https://www.southampton.ac.uk/isolutions/staff/iridis.page
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standard compute nodes. A system-wide overview was drawn-up to ensure the potentially resource heavy
simulation was designed to utilise the strengths of each system involved within the simulation sequence.

Headless No GPUs
. No access to any GUI on the This will lead to the inefficient use of
Single CPU AP N .
tag'e cluster limits direct control CPUs for rendering

Limited parallel pmcessin(x / g
COMSOL GUI \ Server-grade CPUs

Excellent for controlling Multlp]e CPUs and 40 cores per-

simulations and reviewing T node offering extraordinary
returned data Q —> snmulanon performance

Physical Access

No reliability issues or >> 100 GB Memory (Per Node)

dependency on internet <16 GB Memory >2PB Remote Storage Pool ~ Access to very large amounts of
connectivity Limited memory on such Huge data reserve for memory negates the need for slower

workstations can lead to temporary result storage and memory fallback options
simulation failures processing
. v )\ Y g
Local Workstation The IRIDIS 5 Compute Cluster

Figure 5: An overview of system specifics in preparation the optimised modelling workflow.

It is clear from the information shown in figure 5 that the local and remote systems each have their own strengths
and weaknesses in general. By using each to showcase their advantages, and play-down their disadvantages, a
simulation sequence suitable for both systems could be realised. Firstly, key to note were the only real
disadvantages of using the cluster computer — no GPUs, and no user interface. All simulations with a 3-dimensional
geometry, particularly a complex one, should both be rendered and meshed using a GPU. It is important to note that
CPUs can be used for these tasks, but are not optimised to perform them, and subsequently can easily introduce
unnecessary runtime and memory consumption, potentially crashing the solver mid-simulation. Given the local
workstation had a GPU, it was decided to complete all rendering on this system, before passing it across to IRIDIS 5
for computation.

Simulations were configured to run using the parallel direct sparse solver (PARDISO), ensuring that out-of-core mode
was switched off. This is because the nodes on IRIDIS 5 do not have any directly accessible local storage space, and
subsequently out-of-core mode (OCM) would cause the simulation to crash on the event of a memory overload.
Even if the nodes had local storage space, it is generally inadvisable to use the OCM. Writing data from memory to
solid state or mechanical storage, and recalling it when needed, adds substantial delays to the solver sequence. It
also can cause serious degradation to solid state storage devices, potentially leading to early component failure. This
can simply be bypassed by preventing the solver from using OCM from the beginning, though it is essential to have a
system with a significant amount of memory before disabling this mode. Each node on the cluster used here has 192
GB of high-speed Double Data Rate 4 (DDR4) memory — plenty for the simulation of even the most complex
geometries explored here.

COMSOL®" offers a wide variety of options when it comes to solving remotely. Two software components needed to
be configured for this sequence to run successfully; invoking commands and queue management. For COMSOL®" to
invoke commands remotely, the “Remote Computing” preferences needed to be configured according to the
cluster’s setup. The local workstation ran a Windows®* 10 operating system not native to the secure shell (SSH)
environment used by Linux systems such as the one on IRIDIS 5. A third-party program, “PuTTY”, was used to
interface with the cluster via SSH. “Multicore and Cluster Computing” preferences also needed to be set. IRIDIS 5
employs a SLURM®® queuing system which, by default, COMSOL®" will not correctly interface with to provide the
maximum amount of resources available on each node. Additional scheduler arguments needed to be added to
ensure that all 40 cores on each node were available to the remote COMSOL®" kernel, and that the ‘walltime’ was
set appropriately. Simulation ‘walltime” is simply the amount of time the node will be available for use, and the
simulation must subsequently finish within this time allocation. Furthermore, the queue name, ‘batch’ as defined
here, needed to be set to place the simulations in-line for the correct nodes within IRIDIS 5.

4) Simulation Methodology
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A study first needed to be completed outlining how many different model geometries needed to be simulated in
order to see convergence in our results. This took the form of a cluster sweep where the input seed S was varied
from one to 50 in increments of one. A single, mid-band wavelength of 700 nm was injected into each geometry and
the surface reflectance was measured. Each of these values for reflectance were then to be averaged together and
the cumulative average plotted against the number of geometries forming that average. The point of convergence n.
could be seen when the cumulative average stabilised within a relative tolerance of 5%.

Taking this value forward, a full wavelength sweep would be performed on each of the geometries formed by the
input seed S representative of values between one and n¢ in increments of one. For instance, if the point of
convergence n. was found to be 15, then the reflectance response of 15 geometries would be averaged together
with input seeds S of one to 15. On top of this, four levels of randomness were simulated so the effect of
heterogeneity could be determined on the reflectance of a given surface. Examples of these levels can be seen in
figure 6. It is important to note that, for purely periodic geometries, the point of convergence n. is irrelevant and
only one geometry needs to be simulated due to a lack of any randomisation. This is the only type of geometry that
is completely independent of the input seed S.

5. L

1]/

Level 0 Level 1 Level 2 Level 3

Periodic Randomised with Bend Randomised with Parametric Footprints
Bunching with Bunching

Figure 6: Demonstrating how the different levels of randomness are characterised as discrete levels and how they
appear in the form of silicon nanowires.

For each of the levels shown in figure 6, simulation statistics such as runtime, memory usage, total element count
and absolute error will be noted and compared to identify which is the best compromise between accuracy and
resources available.

5) Results and Discussion

Convergence in the reflectance data is apparent after averaging around 39 different geometries (see figure 7). This is
where the data holds a consistent relative tolerance of approximately +2%; below the magnitude of 5% (+2.5%)
stated in our simulation methodology. This represented an acceptable degree of uncertainty and was carried
forward into the following geometric studies. This convergence point only appears to be affected by the geometric
complexity of the model, whereby greater degrees of randomisation and variance between the simulated
geometries results in more iterations required for convergence. This point is wavelength independent as we are
using a fixed meshing strategy tailored for the smallest wavelength of light simulated; 400 nm in this work. Adaptive
meshing would allow for the mesh to be regenerated based on the input wavelength, resulting in faster runtimes at
larger wavelengths, however this was not the focus of this work. The convergence point is lower for less complex
geometries, therefore the convergence data presented in figure 7 is for the most complex geometry, randomness
level 3. Unfortunately, given the random nature of the geometries being simulated here it is not conceivable to
predict the convergence point mathematically. Implementations of such a modelling approach must include a
corresponding study to find this point, ensuring that further data extracted from simulations is accurate.



CoO~NOUO_WNE

0.075 T T T T T T T

0.07

0.065

0.06

0.055

Reflectance, R (1)

0.05

0.045 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Number of Iterations, n (1)

Figure 7: Convergence studies demonstrating stable reflectance measurements for a
nanotextured surface, with randomness level 3 and 400 nm light input, at and beyond 39 random
iterations.

In summary of the reflectance data gathered from our four simulations, and in comparison to a real sample, figure
8a showcases the immediately noticeable inaccuracy of taking a purely periodic approach to creating a SINW
geometry. Whilst it appeared the periodic SINWs was formed primarily of noise, it was still possible to observe how
it oscillates about the measured data. Such real SINWs are highly anti-reflective due to their unique ability to create
many different EM interference modes. In periodic structures, these interference patterns are not substantial
enough to cancel one another out, giving a relatively flat-line response. Instead, only a few modes are apparent and
their subsequent interference patterns are much more noticeable.

On the introduction of a slight degree of randomness, with each SiINW exhibiting varying pitch, radius, height and
bend, there is a considerable decrease in this oscillatory effect. There is, much like in the bunched cylindrical

nanowire geometry, a peak in reflectance observable at a wavelength of around 850 nm.
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Figure 8: Reflectance data for the four levels of randomness explored here and an equivalent real
sample (a), shown alongside the same data’s absolute error, excluding periodic nanowires, with
respect to the real reflectance data (b). Broadband average (Av.) reflectance is also in the figure
legend (a). Each simulation is the average of 39 different geometries.
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A substantial finding, representative of the data shown in figure 8b, was that randomness level 1 appeared to be the
most accurate of all the geometries studied here. In theory, this should not be the case. A greater level of
randomness within the simulation geometry is indicative of a closer match between theory and structures we
observe. There are several possible reasons behind why our results appear to show the opposite:

e Each randomised property is constrained within specific variance tolerances (see table 1);
e Generation of the model ‘by eye’ using figure 1 introduces human error;

e Mesh inadequacy.

e Exclusion of the thin film aluminium oxide layer around the SiNWs.

It was likely that the error between simulation and experimental data, regardless of the randomness level, was
derived from human error. As outlined in our modelling methods, we used an SEM image of real SINWs to generate
an accurate model of structures with similar heights amongst other properties. When transposing data from this
imagery to our simulation domain, many of the properties were assumed to be approximate to certain values; each
of which are outlined in table 1. These values were chosen based on SEM images of the fabricated structure. Whilst
the height of the fabricated structures is relatively uniform, their pitch and radius tend vary to a much greater
degree. This led to the implementation of the limits outlined for this work. The issue that arises from this is that
properties such as radius and pitch are very difficult to quantify specifically, and the variation ranges are very much
approximated based on only the small area of the sample imaged. Further variance and non-uniformities may be
present elsewhere in the sample, within the area from which reflectance was measured. Also, given that these
variation limits are defined as a proportion of the property they are varying, in opposition to a more statistical
approach from real data, an element of systematic error is also introduced here.
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Figure 9: Data showcasing how the simulated reflectance for randomness level 3 varies given
different mesh densities.

Mesh inadequacy, whereby the mesh density is insufficient to produce comprehendible data, is a common source of
problems in modern simulation methods, particularly the FEM. Before commencing our reflectance studies we
ensured our mesh density was enough to validate our data and rule this out as a potential cause for any differences
observed between simulated and measured. Figure 9 demonstrates how, after a total element count of
approximately 600,000, we see convergence on a reflectance value of 8.4%. As we further increase the element
count, simulation accuracy changes very little but runtime continues to rise linearly. The implication here is that for
any further increase in mesh density, we are only extending our runtime, yielding exactly the same data. It should be
noted that for an element count of 800,000 and above, denoted here as ‘excessive’, the simulation becomes highly
unstable and crashes frequently due to its memory demands. An ‘optimal’ mesh, used in all geometries yielding the
results reported in figure 8, and consisting of 694,391 elements, is shown mapped over our periodic geometry in
figure 9.
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Figure 10: Graphs showing the four key metrics for each randomness level as illustrated in figure
6. Level 0 had 279,579 elements, 35.31 GB of memory usage and a runtime of 41.57 minutes.
Levels 1, 2 and 3 are reported relative to these values (a) as well as the standard deviation of the
geometries’ results across the 39 iterations (b). This data is indicative of a single wavelength of
400 nm, not a whole wavelength sweep.

It is noticeable that there is a strong correlation between the number of elements within a model (the mesh
density), and the subsequent memory usage during the solution process. In fact, change in the differences between
the levels as shown in figure 10a yields an essentially linear relationship. The implication here being that memory
usage per-element appears to be independent of the element’s size, and subsequently we can extrapolate an
approximate memory requirement for much larger models under the same meshing strategy. The data here shows a
memory requirement of approximately 150 kB/element. For the case of a slightly larger 5x5 SiNW periodic geometry
with an identical mesh, approximately 1.56x larger than the equivalent 4x4, this would yield a memory requirement
somewhere in the region of 58 GB. It is interesting to note that simulation runtime does not have quite as strong a
correlation, and that of the level 3 geometry took considerably longer to simulate given the requirements in
comparison to the others.

The trends shown in figure 10b have interesting implications for this investigation. The higher error of what was, in
theory, the most accurate representation of a SINW surface (randomness level 3), showed that the effort and higher
resource requirements for this level of randomisation actually damages the accuracy of our model. Standard
deviation metrics appear to showcase a greater level of convergence for level 2 against its average as shown in figure
8. This supports the argument that the properties of this particular geometry, notably the bunching tendencies,
cause greater convergence on a specific reflectance value regardless of the state of the geometry. In effect, what can
be inferred from this data is that bunching minimises the effect of heterogeneity on reflectance for small surface
areas and causes greater uniformity in spectral response over a larger area. The distribution of individual simulation
results can be seen for both of these levels in figure 11. The most accurate simulation model, however, was that of
randomness level 1. Mid-range wavelengths from approximately 600 to 940 nm exhibited a match to experimental
data with an average difference of only 0.05%, a first for the optical simulation of such structures. However, the
shortfall of level 1 is apparent in the short and long wavelengths in the sweep, where both show a far higher
reflectance than expected, overshooting by as much as 5% in these regions. In contrast, despite being slightly less
accurate overall, levels 2 and 3 demonstrated a significant improvement in these regions, with errors of as little as
0.6% in the near-ultraviolet and 1% in the near-infrared. This implies a possible mixture of bunched and non-
bunched SiNWs on our measured surface, and showcases the effect of bunching on surface reflectance outside the
visual range.
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Figure 11: Demonstrating the distribution of single simulation results between level 1 (a) and level
3 (b).

Simulation efficiency is a measure of overall resource usage over time. A higher efficiency is indicative of a
simulation that uses as much of the resources made available to it for as much of its total runtime as possible. This is
often an important factor when requesting supercomputer time, and models with a greater efficiency are more
desirable on such large scale, high power systems like that of IRIDIS 5 used here. It is worth noting that the efficiency
of our model was relatively high, holding consistently at a value of approximately 73%.

6) Conclusions

Our model has helped showcase the dependencies of random variations within nanoscale structures on optical
modelling. Furthermore, it has demonstrated an effective method of creating far more advanced levels of
randomisation within what would otherwise be limited to static geometries. The most comparable work to that
demonstrated here was conducted by Altermatt et al. in 2009 [21]. Their work reported a slightly different method
of pseudo-randomisation used to achieve recreations of SiINWs that had not been explored prior. Due to the limited
computational resources available, alongside a less diverse modelling environment, the level of geometric pseudo-
randomisation as demonstrated in this work was not possible. The approach to recreating SINW geometries explored
here enables us to vary not only pitch, radius and tilt, but also bend, shape and bunching. This has opened new
possibilities for identifying the influential factors of nanoscale surface properties on EM wave propagation.

Interestingly, it is apparent from the data presented here, that although introducing some heterogeneity results in
significantly better agreement with experiment, extending the degree of randomisation does not always result in
further improvement in accuracy. Overly complex models, such as randomisation level 3, turned out to be less
accurate than its simpler counterparts. This shows that there is a balance , at least for SINWs, between model
complexity and reality, supporting the use of simplified models where intricate features may have little to no impact
on the optical properties.

Aside from this specific geometry, the mathematical methods used to generate it are applicable to a wide range of
different structures other than those explored here. For example, protein design and structure prediction, material
or environmental feature growth and weather pattern simulation. Using the same mathematical methods, more
variation can be added or even removed from an arbitrary geometry as required, making this a robust and versatile
method of pseudo-randomisation. We have shown how the bunching of SINWs affects reflectance, and also how
inducing variations between surface features yields a more accurate response in this case. Despite also varying the
shapes of the SiNWs, little improvement was seen at the cost of a 300% increase in simulation runtime, and 150%
increase in resources, leading to the conclusion that randomisation, much like mesh density, has its limits.
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There are disadvantages associated with this method however, which relate to the dependency on the FEM. This
modelling methodology is notoriously resource and process intensive, making this level of randomisation only
available for models created with access to sufficiently powerful hardware to run it within an acceptable amount of
time. Furthermore, though the process workflow has been optimised for supercomputers here, some tweaking may
be required in order to get higher efficiencies between different systems; the implication being that this is far from a
simple plug-and-play program, and the mathematics must be carefully integrated into a study. Adaptive meshing
methods can also be employed to reduce mesh density and simulation runtime as required for a variety of
applications, include those explored here. Further study into this option is required however, as adaptive meshing
may result in significantly deformed geometries if not conditioned correctly alongside these randomisation
algorithms.
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