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There is power in the light.
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Abstract

Multi-junction photovoltaic devices offer the best performance in both solar and laser-based
photovoltaic applications but have greater complexity and higher cost than their single-junction
counterparts. In this thesis I demonstrate several pathways to improve the applicability and com-
petitiveness of multi-junction photovoltaic devices. First, I investigate multi-junction solar cells
and their application to the global energy transition and niche high performance domains. I start
by studying silicon-germanium-tin as a potential material to extend the indium gallium phos-
phide/indium gallium arsenide/germanium lattice-matched multi-junction solar cell material
system. That project aims to leverage the maturity of the three-junction design while boosting
device efficiency by improving current-matching through introduction of the silicon-germanium-
tin subcell. Next, I examine subcell segmentation, a nascent multi-junction solar cell design
paradigm. I elucidate how subcell segmentation eases the simultaneous lattice and current
matching requirements for multi-junction solar cells, greatly increases the number of bandgap
combinations which can achieve high performance, reduces junction growth constraints, and
unlocks the potential for operation at the most extreme solar concentration factors. I then shift
focus to multi-junction photonic power converters and laser-based applications. I introduce
machine learning enhanced design of ten-junction photonic power converters operating at a
telecommunications wavelength of 1550 nm. I show that the novel machine learning enhanced
approach greatly increases the number and variety of optimal designs, reduces computational
expense, and simultaneously offers a new pathway to discover and understand fundamental
physics in the design space. Finally, I detail development of a cost-effective, infrared-capable
adaptive optics technique. I demonstrate how a single-pixel camera with compressive sensing
could be used as input to adaptive optics to overcome fast signal fading in free-space telecom-
munications and power-by-light systems.
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Chapter 1

Introduction

Quantum mechanics tells us that there is power in light [1–3]. In this thesis, I explore modern
approaches to the design of photovoltaic (PV) devices, which convert light energy into electricity,
and applications of photonic power to remote technologies, telecommunications, and the global
energy transition. The PV devices explored herein fall into two categories depending upon the
light source they are optimized for: solar cells, which are designed for sunlight, and photonic
power converters (PPCs), which are designed for laser light. The applications explored are
distinguished along the same lines; conversion of sunlight for small-scale niche application
power generation or utility-scale power generation using concentrator PV (CPV) systems, and
conversion of laser signals for wireless and fibre-based remote power and data transfer (power-
by-light systems, free-space optical communications, photonic data transmission, etc.).

This thesis focuses on PV devices which employ multi-junction (MJ) architectures of III-V
and group IV semiconductor materials. MJ PV devices offer the best performance in both solar
and laser applications but are more expensive than their single-junction counterparts [4–7]. Most
of the projects in this thesis aim to improve the performance of MJ PV devices by introducing
new materials or new design paradigms (Chapter 3 to Chapter 5). This increased performance
translates to lower operational costs improving the competitiveness of MJ designs [5]. The final
project (Chapter 6) addresses technical issues in the application space of wireless photonic power
transmission (where a PPC would be used as receiver), directly improving it’s applicability.

The remainder of this chapter collects the innovations achieved in this thesis into a single
list. It then provides brief introductions to the research topics investigated and outlines the
motivations for the variety of projects which were completed. In Chapter 2 I provide context
and basic theory. Then Chapter 3 to Chapter 6 detail the research topics themselves. The
focus is on solar power and the global energy transition in Chapter 3 and Chapter 4 and then
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shifts to PPCs and laser-based photonic applications in Chapter 5 and Chapter 6. Finally, in
Chapter 7, I summarize and provide directions for further study.

The innovations that were achieved over the course of this doctoral thesis are listed below.
These have been copied from the sections in the body of the thesis where each project is detailed
and collected into a single list here. They are presented in the order that they appear in the
thesis.

• Determination of a potential current and lattice matching composition for the emerging
silicon-germanium-tin material: Si0.14Ge0.824Sn0.036 (SiGeSn) with an indirect bandgap of
0.77 eV, direct bandgap of 1.05-1.08 eV, and germanium lattice match. Modeling of
the SiGeSn composition within the Sentaurus environment using literature data creat-
ing a material parameter database which is now being used in other SUNLAB projects.
Incorporation of this material into established Sentaurus projects for the indium gallium
phosphide/indium gallium arsenide/germanium (InGaP/InGaAs/Ge) three-junction (3J)
material stack.

• Determination of potential efficiency gains for the 4J device over the 3J when considering
reasonable material quality (1.3% absolute gain in power conversion efficiency at 1000
suns concentration of the air mass 1.5 direct (AM1.5D) spectrum for SiGeSn with a trap-
assisted recombination lifetime of 1 µs and 103 cm/s surface recombination velocities in
the device). Establishment of limits on the material quality for the 4J to retain higher
efficiency than the 3J (trap-assisted recombination lifetimes of 100 ns or greater, with
surface recombination velocities of 5×104 cm/s).

• Elucidation and discussion on the loss mechanisms and design challenges in the 4J device.
Presentation of possible approaches to curb these losses such as thinning the upper junc-
tions or introducing strain to the SiGeSn layer. Identification of current underproduction
in the bottom subcell as one of the material system’s limiting factors.

• First study of subcell segmentation for a ∼1.0 eV third subcell extension to the In-
GaP/InGaAs/Ge system. Extension of the Segments modified detailed balance code.

– Subcell segmentation greatly loosens the bandgap requirement of novel 3J extension
materials; segmented designs from across 36% of the 0.75-1.25 eV bandgap space
exceed the peak standard efficiency (with up to 10 segments per subcell at 800 suns
AM1.5D).

– Subcell segmentation allows 4J devices to achieve extreme solar concentration op-
eration.

2



Chapter 1

• Direct comparison of simulated optoelectronic performance for 4-subcell InGaP/InGaAs/
SiGeSn/Ge solar cell without and with realistic subcell segmentation (the top two or
three subcells segmented into two junctions apiece), including a comparison to a 3J
InGaP/InGaAs/SiGeSn device and the 3J InGaP/InGaAs/Ge baseline.

• Determination that the 3J InGaP/InGaAs/SiGeSn could potentially perform as well as or
slightly better than the industry standard InGaP/InGaAs/Ge solar cell stack but without
the use of the thick and expensive germanium substrate. The efficiency gain when adding
the active substrate is 1% absolute.

• Demonstration that segmented designs (2:2:1:1 or 2:2:2:1 top to bottom segment multi-
plicities) have significantly boosted (+70% or greater) open-circuit voltages and greatly
reduced (-40% or greater) SiGeSn junction growth requirements compared to the unseg-
mented 4J variant.

• Presentation of the potential for high-efficiency one- and two-subcell solar cell operation
at extreme concentrations in the high hundreds, thousands, and even tens of thousands
of suns. This potential is demonstrated for;

– The per-concentration optimized and standard InGaP (1.7 eV)/InGaAs (1.1 eV)
bandgap values.

– As a function of maximum segments per subcell; here, the efficiency peak shifts from
the high hundreds of suns solar concentration at segment multiplicities of ≤5 to tens
of thousands at segment multiplicities of ≤15 (total junctions; ≤30). Efficiency
gains of a few percent absolute are obtained as the peak shifts to thousands of suns
illumination.

– One-subcell optimized bandgap designs.

• Demonstration of an expansion in the high-efficiency bandgap space across all concen-
trations. This evolution is tracked and it is shown that, even at the unsegmented peak
concentration factor of 200 suns, the number of high-efficiency (≥45%) designs doubles
with segmentation. This advantage only grows at higher concentrations, at 2000 suns,
60% of the 2-subcell bandgap space can achieve theoretical efficiencies of 45% or higher
with 15% of that achieving 50% efficiency or higher. At 2000 suns, unsegmented two-
subcell solar cells have begun to succumb to series resistance losses, the peak efficiency
is 40% and dropping.

• First-ever application of dimensionality reduction to the design of active III-V optoelec-
tronic devices. Development of a novel simulation environment, aiirmap, with an inte-
grated calibrated device model and machine learning (ML) capabilities.
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• Demonstration that the ML-enhanced method accelerates the design optimization of
the MJ PPCs. It produces a much greater number of designs which attain the highest
optical performance, which have greater layer thickness variability, and which have a lower
computational cost than those found using classical optimization algorithms alone.

• Demonstration of the potential for knowledge discovery inherent in the ML-enhanced
method by showing that the reduced dimensional subspace construction encodes funda-
mental physics in the design space.

• Determination that the conventional design approach to MJ PPC design (Beer-Lambert
law absorber thicknesses with optimized anti-reflection coatings (ARCs)) is sufficient for
the on-substrate 10J 1550 nm PPCs in this work. It achieves comparable optoelectronic
performance to the top designs from the ML and classical optimizations.

• Development of a fully functional, well-calibrated test bench with the capability to sim-
ulate and capture the phase-distortion caused by atmospheric turbulence using a Shack-
Hartmann wavefront sensor in the pupil plane and both single pixel and multi-pixel cam-
eras at the focal plane. Collection of single pixel images with a 64x64 Hadamard basis.
Exemplification of clear visual congruence between single pixel, multi-pixel, and simulated
focal plane wavefront speckle patterns.

• Provision of evidence that speckle spot-based adaptive optics algorithms should perform
just as well with single pixel images as standard multi-pixel images and that single pixel
images with compressive sensing fractions as low as 15% may perform almost as well.
Walsh down-sampling of the single pixel camera basis outperforms random across es-
sentially all down-sampling rates between 45% and 15%. The metrics show that Walsh
down-sampled images are better at retaining general (as indicated by higher structural
similarity index measures) and speckle spot related information (as indicated by lower
intensity-weighted average pairwise distances and relative intensity errors).

1.1 Silicon-germanium-tin

MJ solar cells combine junctions of different bandgap semiconductors into a monolithic device.
This multi-material structure allows them to collect greater portions of the solar spectrum
with greatly reduced thermalization losses and leads to the highest attainable solar to electrical
power conversion efficiencies [8,9]. However, these ultra-high efficiencies are only possible if all
junctions produce the same current (current-matched) and if all materials have similar lattice
constant (lattice-matched), otherwise recombination of charge carriers in the device will limit its
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performance. MJ solar cell material systems are developed to fulfill these two requirements and
lead to the classical approach to improving MJ solar cell performance; extension of an existing
material system to include more materials and junctions (so-called ”bandgap engineering”)
[8–13]. In Chapter 3, I begin my studies with this conventional approach.

Chapter 3 investigates the novel material silicon-germanium-tin (SiGeSn) as a potential
third junction extension to the germanium lattice-matched (Ge-LM) indium gallium phos-
phide/indium gallium arsenide/germanium (InGaP/InGaAs/Ge) 3J solar cell. Historically, this
3J design has been one of the most popular MJ material systems due to its high-quality LM
nature [14, 15]. However, it is not current-matched; it has a significant over-production of
current in the germanium. Extension of the InGaP/InGaAs/Ge material system to include a
lattice-matched, ∼1.0 eV bandgap third subcell has long been studied as a way to increase
efficiency while taking advantage of the mature manufacturing capabilities of the existing 3J
material system. SiGeSn is a recent candidate for this role with a ternary nature that allows it
to fulfill both lattice-matching and current-matching requirements [16–23].

In Chapter 3, I outline experimental measurements of solar cells composed of the top two
junctions of the InGaP/InGaAs/SiGeSn/Ge 4J solar cell design [24]. I also outline the use
of Synopsys Sentaurus technology computer aided design (TCAD) simulations to explore the
potential performance boosts, quality requirements, and design challenges in the effective im-
plementation of a InGaP/InGaAs/SiGeSn/Ge solar cell design [16, 25]. I show that gains in
solar power conversion efficiency over the InGaP/InGaAs/Ge 3J are possible for 4J solar cells
incorporating reasonable quality SiGeSn. I place quality limits on the SiGeSn layer, investigate
and offer solutions to the limiting factors in the design, and discuss other practical difficul-
ties for the implementation of the novel material system. This project initially targeted the
design and growth of a InGaP/InGaAs/SiGeSn/Ge solar cell, due to logistical constraints this
was not possible. Consequently, my studies shifted to the simulation based study of subcell
segmentation.

1.2 Subcell segmentation and segmented multi-junction
solar cells

In Chapter 4 I investigate subcell segmentation, an emerging MJ solar cell design paradigm
[26–34]. The different material junctions in MJ solar cells are called subcells. In segmented MJ
solar cells (MJ solar cells which have undergone subcell segmentation), each subcell can be fur-
ther split into multiple, absorptive, series-connected, same-material junctions called segments.
This idea is schematically compared to the classical single- and multi-junction approaches in
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Figure 1.1. The number of segments in each subcell offers a new design dimension which
allows the simultaneous current and lattice matching requirements to be met more easily while
providing a number of other benefits.

It should be noted that, in this thesis, I adopt ”segment” to indicate any absorptive pn-
junction in a MJ PV device [26]. The term ”junction” indicates the same (as opposed to tunnel
diode). On the other hand, (segmented) MJ solar cell subcells may be a single segment or
multiple segments, they are distinguished as a subcell by their material. Throughout this thesis
I take segment inclusively; MJ PPCs, segmented MJ solar cells, classic MJ solar cells, and even
single junction PPCs and solar cells consist of segments. A segment is typically taken to include
the front and back surface field layers which accompany the pn-junction.

Figure 1.1: A progression of solar cell designs indicating and contextualizing the subcell segmentation
technique. Different colours (purple, blue, green, red) indicate different semiconductor materials.
Yellow indicates the tunnel diodes that are used to connect the segments in series. Black indicates
contacts. The gold layer at the top indicates anti-reflection coating(s). Not to scale.

Chapter 4 explores the potential benefits of subcell segmentation. Specifically, I show
the potential of subcell segmentation to: (1) overcome the MJ solar cell current-matching
requirement and greatly expand the number of bandgap combinations which can achieve high-
efficiency [26, 35], (2) ease material quality requirements for a InGaP/InGaAs/SiGeSn/Ge 4-
subcell solar cell, and (3) shift power from high currents to high voltages unlocking the potential
for CPV operation at extreme solar concentration factors [28,36]. My simulation based studies
are primarily completed near the detailed balance limit (DBL) using a custom modified DBL
(mDBL) codebase (as detailed in Section 4.1). Synopsys Sentaurus TCAD simulations augment
the SiGeSn study. Subcell segmentation is in an early stage of development with very few
experimental devices realized and limited active research due to the added complexity and
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constraints on crystal growth. MJ PPCs share the large segment multiplicity of segmented
MJ solar cells, are the leading technology in their application space, and are the subject of
active research [7]. These reasons saw me naturally joining the AIIR-Power MJ PPC project
(Chapter 5) when it began and the next shift in my research focus.

1.3 Multi-junction photonic power converters

MJ PPCs and MJ solar cells are very similar devices; both employ the PV effect via a multi-
layer stack of semiconductor material [7, 37–41]. As mentioned, the difference between the
two is the spectrum of the light that they are optimized to absorb and convert to electrical
power. MJ PPCs are optimized for small bandwidth laser light sources, typically in the infrared
wavelength range. The essentially mono-chromaticity of the laser spectrum leads to the use of
single absorber material stacks. In this regard, MJ PPCs are akin to a single segmented subcell
in a segmented MJ solar cell.

MJ PPCs are employed in power-by-light systems where they act as the receiver/converter
for power and data which is photonically transmitted in free-space or optical fiber. Photonic
power and data transmission offers many advantages over the incumbent technologies (copper
wires and radio telecommunications), including but not limited to: galvanic and electromagnetic
isolation, higher data rates, wireless transmission, fire and explosion risk reduction, higher
reliability, and faster signal propagation [42–45]. In Chapter 5, I focus on forwarding the
evolution of MJ PPC design techniques. I incorporate ML into the MJ PPC design optimization
by developing a framework which combines ML algorithms, databasing, optimization, batch
run capabilities, and Synopsys Sentaurus TCAD simulations [46–52]. I use this framework to
explore the design space of MJ PPCs which use the conventional thick on-substrate architecture
as well as MJ PPCs where the substrate is removed and replaced with a flat, thin-film gold
back-reflector. My framework is general purpose and allows incorporation of ML techniques
into any technologies which can be simulated in Synopsys Sentaurus TCAD or other numerical
solvers.

1.4 Cost-effective infrared-capable adaptive optics

In Chapter 6 I help develop a nascent cost-effective, infrared-capable adaptive optics technique
for photonic data and power transmission through free-space (wirelessly) [53–56]. Free-space
optical communications, typically at infrared wavelengths, unlock the bandwidth necessary for
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next generation telecommunications (5G+), while free-space power-by-light offers the opportu-
nity for remote powering of devices in hard-to-reach, sensitive, and everyday (internet of things)
applications [57–64]. As mentioned, PPCs can act as the active receiver component in these
photonic links.

Photonic transmission through free-space is hampered by atmospheric turbulence along the
beam path [65, 66]. This turbulence causes intensity and phase distortions of the photonic
wavefront and results in fast signal fading. Adaptive optics (AO) is a technique to measure
and correct for wavefront distortion in real-time [67–69]. At infrared wavelengths, outside the
sensitivity range of silicon, adaptive optics has been restricted by the high price of imaging
devices. In Chapter 6, I advance an experimental workbench which uses a single pixel camera
with compressive sensing computational imaging to overcome the cost hurdles of multi-pixel
infrared imaging devices while achieving an imaging rate which is commensurate with the
requirements of free-space optical communications. I obtain good agreement between single
pixel, multi-pixel, and simulated images and show that the single pixel camera with compressive
sensing fractions as low as 15% should perform nearly as well as a multi-pixel camera for AO
applications [53].

This project was undertaken under the supervision of Drs. Oliver Pitts and Costel Fleuraru
of the National Research Council of Canada’s (the NRC’s) Advanced Photonics and Electronics
Research Centre (now the Quantum and Nanotechnologies Research Centre).
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Multi-junction photovoltaics and their
applications

In this chapter I overview the key physics and engineering which underlie the multi-junction
photovoltaic device and application research topics of this thesis. The chapter is split into
four sections; photovoltaics, multi-junction photovoltaics, applications, and device design. In
Section 2.1, I outline how the energy within light is harnessed by photovoltaic semiconductor
devices. In Section 2.2, I detail how increasing the number of junctions offers significant benefits
for PV applications and how it changes the structure and operation of the PV device. Section 2.3
then shifts into a study of application spaces for MJ PV devices. Finally, in Section 2.4, a brief
outline of PV design paradigms gives context to the techniques developed in this thesis for
computational device modeling.

In the interest of brevity, this chapter tailors its treatment of the background physics and
engineering to the research topics covered within this thesis. It furthermore assumes a back-
ground on semiconductor physics, which has been covered elsewhere [8, 9, 70–74]. I will take
as given that semiconductors are conventionally expressed within the band theory of solids,
with band diagrams which are determined by the momentum-states of the electrons in the first
Brillouin zone of the crystal lattice, and that the band diagrams are populated and thermally
excited by Fermi-Dirac filling of the density of states. That the effect of semiconductor doping
to introduce new energy levels into the band structure, and that the formation of a pn-junction
as electronic band bending to equate the shifted Fermi levels of the p and n sides (which is
equivalent to carrier recombination clearing a space charge region near the interface populated
by dopant ions substantiating the built-in electric field), is understood.
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2.1 Photovoltaics; From light to electricity

This section explains how the photovoltaic effect underlies the conversion of light to electricity
in certain semiconductor devices. I first examine the nature of light and the photovoltaic effect.
Then I investigate how the pn-junction semiconductor structure can leverage the photovoltaic
effect to enable photonic to electrical power production. Third, I discuss the specifics of the
optoelectrical operation of PV semiconductor devices. Finally, I examine differences in the
spectral qualities of solar and laser light and distinguish between solar cells and PPCs, the
classes of PV devices which are tailored to each light source. Coverage of multi-junction PV
phenomenology is reserved for Section 2.2.

2.1.1 The photovoltaic effect; Power in light

Albert Einstein did not win his Nobel prize for special relativity, general relativity, or his contri-
butions to quantum mechanics, but rather for ”his services to Theoretical Physics, especially his
work on the photoelectric effect” [1,2,75]. The photoelectric effect is the emission of electrons
from a metal surface when illuminated by light of certain frequencies [3, 8, 9, 76]. Electron
emission energies are correlated with the frequency of the light and emission populations are
correlated with the light intensity. This is understood clearly now. It is the conveyance of
energy in quantized photons of light, with energy proportional to frequency, which come and
one-by-one interact with an electron in the metal giving it enough energy to overcome the
metal’s work function and escape (Figure 2.1a). However, in ∼1905, the photoelectric effect
provided evidence which directly contradicted the (what is now called) classical understanding,
it was a signpost pointing to new physics. With their quantum explanation of the photoelectric
and other effects, Einstein and his collaborators cemented the emerging quantum worldview
within which we now live. Light is a quantum wave-particle phenomena with quanta of energy
called photons. A photon’s frequency and energy are proportional through the Planck equation.

The photoelectric and photovoltaic effect are kin. The difference is that in the photovoltaic
effect the photo-electron (photon-excited-electron) does not escape the material, it remains,
energized to the photo-voltage, and is potentially conducted away [3, 8, 9]. Figure 2.1 shows
the photoelectric and photovoltaic effects schematically using energy band diagrams. For the
photoelectric effect, Figure 2.1a, the electron’s excited energy is greater than the work function
and the electron exits the material. For the photovoltaic effect, Figure 2.1b and c, the electron’s
excited energy is less than the work function and the electron stays in the material. In a
conductor, Figure 2.1b, the overlapping valence and conduction bands lead to photo-electrons
and holes which quickly thermalize and recombine. The charges are not separated and no net
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current is produced. In a semiconductor, Figure 2.1c, this may not be the case. After generation
(Figure 2.1c-i), recombination may occur, but because of a non-zero bandgap energy, this
recombination occurs more slowly, via radiative and other means (Figure 2.1c-ii and detailed in
Figure 2.3). Near the space charge region of a pn-junction, the photo-electron and hole may
be separated and eventually collected (Figure 2.1c-iii).
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Figure 2.1: Illustrative energy band diagrams depicting the photoelectric and photovoltaic effects. In
a, the photoelectric effect in a metal. In b, the photovoltaic effect in a metal. In c, the photovoltaic
effect in a semiconductor. An excited electron-hole pair is generated (c-i) and may either recombine,
falling back to its valence band (c-ii) or be separated by a nearby pn-junction and extracted as current
(c-iii).
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2.1.2 The pn-junction and semiconductor photovoltaics; Power out
of light

The ability to extract power from an electrical circuit component requires a voltage and current
which oppose one another (the product of the voltage and current needs to be negative).
The conditions around a semiconductor pn-junction are perfect for achieving this. Figure 2.2
shows the current density-voltage (JV) curves, band-diagrams, and space charge regions of
pn-junctions with and without illumination.

First considered is the pn-junction diode in the dark as shown in Figure 2.2a and b. In a,
the pn-junction current-voltage characteristic across a wide voltage and current range is given.
Each section of the curve is described, and the diversified utility of the pn-junction in modern
society is exemplified as applications are also listed. The pn-junction dark JV characteristic is
described by the diode equation [8, 9];

Jdark = Jsat(e
qV
nkT − 1), (2.1)

where Jsat is the dark saturation current density, n is the ideality factor, q is charge (plus/minus
one elementary charge for electrons and holes), k is Boltzmann’s constant, and T is the tem-
perature. The ideality factor captures the presence of recombination within the space charge
region beyond the radiative baseline, if this is present n increases from its ideal value of 1 up
towards 2. In Figure 2.2b, I consider the band-diagram and space charge region of the pn-
junction at equilibrium. The figure shows how the built-in voltage is obtained from the different
work functions of the two sides of the pn-junction.

Figure 2.2c and d show the photovoltaic effect of a pn-junction under illumination. In d, it
can be seen that the valence band electrons absorb light with energy greater than the bandgap
and move into the conduction band leaving behind a hole. If these charge carriers are generated
within, or diffuse into, the space charge region they will be swept (at drift velocity) to the side
of the region that their charge dictates. They will be separated. Furthermore, as the figure
shows, the polarity of the pn-junction’s built-in field is that of the minority charge carriers. A
negative current (in our paradigm of Figure 2.2 and Equation 2.1) is the result.

Figure 2.2c shows a zoom of the zero region of a, including JV curves for pn-junctions under
different levels of illumination. The negative photo-current is evident as a downward shift from
the dark JV trend. Measured at 0 V applied, this shift is quantified by the short circuit current,
Jsc (Section 2.1.4 details how Jsc can be determined). Comparing the curves, the quantum
paradigm is evident; the brighter the light (number of photons) the higher the Jsc (number of
electrons). The JV character becomes:

J = Jdark − Jsc = Jsat(e
qV
nkT − 1)− Jsc, (2.2)
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A careful eye shows that increased illumination also leads to a small increase in the open-
circuit voltage, Voc, the point where the forward bias balances the photo-generated currents.
This is a logarithmic increase originating in the expansion of the space charge region under
illumination [71]. This increase is accounted for in the diode equation as a rearrangement of
Equation 2.2 for Voc shows:

Voc =
kT

q
ln

{
Jsc
Jsat

+ 1

}
, (2.3)

Figure 2.2e and f highlight the maximum power producing point for one of the illumination
curves from c. In e, the addition of the power density-voltage curve (P = JV ) shows that
operation in this quadrant of the pn-junction JV characteristic always leads to power production
(as expected). The power density-voltage curve clearly indicates the maximum power point
(MPP). The current, voltage, and power density at this point are indicated (JMPP , VMPP ,
PMPP ) in e. Also indicated is the fill factor, a measure of how square the JV curve is, it is
given by the rectangular area defined by the dashed lines and can be calculated as the ratio of
JmppVmpp and JscVoc. Power conversion efficiency, often denoted η, is calculated as:

η =
PMPP

Pinc

, (2.4)

where Pinc is the power density in the incident light.

In Figure 2.2f, the band-diagram at maximum power point shows that the applied voltage
has sizeably reduced the space charge region. Yet, the built-in field remains strong enough to
block majority carrier currents and to separate the photon-excited minority charge carriers (as
Figure 2.2e shows). Once the minority carriers drift across the space charge region they become
majority carriers in the other side of the junction, they are collected at the electrodes as current
and power generated.
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Figure 2.2: Current density - voltage, band diagram, and space charge region character of a pn-
junction under various conditions. As described in the text.
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Realistic accounting in the diode equation representation of the pn-junction current must
account for the presence of two parasitic electrical effects in the junction. First, series resistance,
Rser, within the resistivity of the semiconductor itself or other portions of the circuit. Rser is
in series with the junction. It scales as J2V and thus affect the highest performing regions of
the power-producing JV quadrant the most, Rser lowers both VMPP and JMPP . Second, an
electrical shunt, where significant current flows through an alternate low resistance pathway to
the pn-junction (like an extended crystal defect). The resistance of alternate shunt pathways
is denoted Rsh, it is in parallel with the junction diode. The non-ideal diode representation of
the single pn-junction current becomes:

J = Jdark − Jsc = Jsat(e
q(V −JARser)

nkT − 1) +
V − JARser

Rsh

− Jsc, (2.5)

where A is the active area of the PV device.

2.1.3 Photon and charge carrier physics

Energy arrives as photons with a given wavelength spectrum, it is absorbed by (electrons in)
the semiconductor, and generates charge carrier pairs via the photovoltaic effect. These carriers
move, diffusing and drifting within the junction, they may recombine or be extracted. In this
section, I explore the basics of these phenomena a little deeper. Absorption is covered first,
then generation and recombination mechanisms, and finally, the movement of charge carriers
in the semiconductor.

Optical absorption

Optical absorption in a semiconductor obeys the empirical Beer-Lambert attenuation law [3, 8,
9, 71, 72]:

I(λ, t) = I0(λ)e
−α(λ)t,

This law stipulates that the intensity of a light beam, I, after traveling through a thickness, t, of
material with a known absorption coefficient, α, will have decreased exponentially from its initial
intensity, I0. The Beer-Lambert law holds across the entire wavelength (λ) spectrum of the
light source although, naturally, the material’s ability to absorb photons varies with wavelength
(α = α(λ), units of inverse distance). Absorption coefficient profiles are obtained experimentally
since α(λ) varies with a number of factors, such as the material, doping concentrations, and
defect concentrations [8, 9]. Ellipsometry measurements are typically employed to measure
the complex refractive index of the material. Absorption coefficients of O(104-105 cm−1) are
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typical within a few tens of nanometers of the bandgap energy for direct bandgap materials. For
indirect bandgap materials (where the highest and lowest edges of the valence and conduction
band, respectively, do not align in crystal momentum space and thus the lowest photon energy
excitations require an additional momentum exchange with the lattice (phonon interaction))
this value drops to O(101 cm−1 or less) [77].

A semiconductor’s optical properties can be described by its complex refractive index, ñ:

ñ(λ) = n(λ)± iκ(λ), (2.6)

where n and κ are the real and imaginary parts of ñ, respectively. The imaginary component,
κ, relates directly to α:

α(λ) =
4πκ(λ)

λ
, (2.7)

The real component, n, dictates the speed of light in the semiconductor and is used in Snell’s
Law to determine reflection and transmission at material interfaces.

Generation and recombination

Absorption is generation. In the ideal case (no defects), this idea holds throughout the bulk of
the semiconductor. The Beer-Lambert law is the statistical representation of a large number of
quantum photovoltaic generation events, as have been described in the previous sections. This
photo-generation mechanism is reproduced in Figure 2.3a. Light with energy greater than the
bandgap is absorbed by an electron in the valence band (note: band-edge effects aside, light
with energy less than the bandgap cannot be absorbed unless there are trap states, α(λ) is zero
for these wavelengths). It is excited to the conduction band, leaving behind a hole (positively
charged quasi-particle, an absence of an electron in the crystal lattice, which can move and
behaves somewhat similarly to an oppositely charged electron). The excess photonic energy
is then lost by the charge carriers to quantized vibrational excitations of the crystal lattice
(phonons) in a process called thermalization. Thermalization occurs on timescales (O(<1 ps))
shorter than that of collection or recombination (O(>1 ns)) [8,9] (unless you introduce novelties
to help extract these ”hot carriers” [8]). Energetically the carriers thermalize to their respective
band edge where they move (as discussed in the next subsection) or recombine (discussed
below).

Charge carrier recombination is the loss of an excited electron and hole pair. The promoted
electron returns to moving within the lattice valence band and the excitation energy is emitted in
one form or another. Recombination may occur via a variety of mechanisms when an electron
and hole are in physical proximity to each other, some common mechanisms are shown in

17



Chapter 2

Figure 2.3b-e. Note that any proximate excited electrons and holes may recombine, i.e. pairs
which are separated may recombine with other carriers they come into interaction with as they
traverse the device.

Figure 2.3b depicts the fundamental, inescapable process of radiative recombination. It is
the transition of an electron from the conduction band to recombine with a hole in the valence
band, with the difference in energy emitted as a photon. This recombination mechanism is
unavoidable since this emission process is the quantum mechanical equivalent to absorption
generation. The emitted photon may escape the junction and is lost, or it may be reabsorbed
in the junction, to produce another charge carrier pair, a process called photon recycling.

Figure 2.3c shows trap-assisted, or Shockley-Read-Hall, recombination. In this mechanism,
either a hole or an electron fall into a trap state, is rendered temporarily localized and at
lower energy with respect to it’s valence band, the opposite carrier comes into interaction with
the trapped carrier, and they recombine. These trap states are physically localized energetic
levels located within the bandgap. They are associated with defects and impurities (including
dopants) in the crystal lattice. The excess energy in trap-assisted recombination is lost to heat
in the lattice as the carriers thermalize into the trap states.

Figure 2.3d indicates the Auger process. In this recombination mechanism, the excess energy
from direct (as shown) or trap-assisted recombination is transferred to a third carrier. This may
be an electron (as shown) or a valence band hole. This carrier will then thermalize back to the
bandgap edge, expending the excess energy as heat in the crystal (phonon excitation).

Bulk recombination processes are quantified by their average timescale, the carrier recom-
bination lifetime. The effective recombination lifetime, τ , can be obtained from the lifetimes
of each recombination process X, τX. Since the processes are occurring in parallel, an inverse
sum is used:

1

τ
=

1

τradiative
+

1

τtrap−assisted

+
1

τAuger

, (2.8)

At the crystal termination, either outer surfaces or interfaces with other layers and mate-
rials, there is a breakdown in the crystal order which typically leads to a large number of trap
states within the bandgap. This is shown in Figure 2.3e. The trap states are often associ-
ated with dangling bonds, highly reactive unpaired electrons in the broken lattice. The high
trap concentration leads to an increased recombination rate at the surface compared to the
bulk. This increased recombination depletes the area of minority charge carriers and leads to a
diffusion-mitigated influx of carriers from the bulk towards the surface. Surface recombination
is quantified by the speed of this influx; the surface recombination velocity. Larger surface re-
combination velocities imply greater concentration gradients and higher surface recombination
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rates. Surface passivation is the chemical treatment of these surfaces to reduce the number of
dangling bonds.

Recombination affects the PV device’s reverse saturation current, Jsat. Jsat is reduced
when there are shorter recombination lifetimes and larger surface recombination velocities.
This ultimately reduces the efficiency of the device by reducing the negative current which
flows through the diode (see Equation 2.5). Recombination does this by reducing the diffusion
length of carriers in the device materials (the average distance a carrier will diffuse before
recombination). For reasonable performance, PV devices must employ materials with good
enough quality to increase the diffusion lengths up to and beyond the layer thicknesses required
for sufficient photon absorption.

Figure 2.3: Generation and recombination mechanisms in semiconductors. This figure is a detailed
expansion of Figure 2.1c-i and c-ii. In a, excited electron-hole pair generation and thermalization to the
band-edges. In b, radiative recombination. When the photon emitted through radiative recombination
is reabsorbed in the junction it is called photon recycling. In c, trap-assisted, also called Shockley-
Read-Hall, recombination. In d, an example of Auger recombination. In e, recombination through
traps states at the crystal surface.

Carrier movement

Movement of electrons and holes within the semiconductor has two contributions; drift and
diffusion. Drift indicates movement under the influence of an electric field. It is predominant in
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the space charge region of the pn-junction (while the junction operates in the power producing
quadrant of the pn-junction JV curve this is the only location in the pn-junction with an
appreciable electric field). Diffusion indicates movement under the population gradient of
carriers in the device. It dominates outside the space charge region. Both currents are active
for each type of charge carrier throughout the device and sum to the device’s majority and
minority carrier currents. Naturally, charge is conserved in these processes. The continuity
equations make this accounting, tracking changes in the populations of each type of charge
carrier over time [8, 9, 72, 73]. Similarly, the self-consistency of the electric field under the
moving charge populations is defined by Poisson’s equation which relates the density of charge
carriers to the electric field [8, 9, 72, 73].

2.1.4 The light resource and photovoltaic device types

Power can be extracted from light. In this thesis I study two different light resources; solar
and laser. The type of light determines the application, material(s), and type of photovoltaic
device. The PV device types for solar and laser light are solar cells and photonic power converters
(PPCs), respectively. While impingent light wavelengths may be vastly different (see Figure 2.6a
and Figure 2.8a) the operational paradigm of solar cells and PPCs is the same; extract usable
power from the light by leveraging the photovoltaic effect. For PPCs, there is an additional
operational potential as a data receiver as the intensity of the laser signal may be modulated.
In this section I give a brief introduction of solar and laser spectra and the consequences that
each class of illumination brings for solar cell and PPC operation. In the final two subsections,
I discuss: (1) the basic PV device architecture and (2) how device Jsc can be estimated from
spectral knowledge and device characterization. The content of these two subsections applies
to both solar cells and PPCs.

The solar spectrum and solar cells

Figure 2.4 shows several standard solar irradiance spectra. Due to the application spaces studied
in this thesis (see Section 2.3.1), the main spectrum I consider is AM1.5 Direct, or AM1.5D.
AM1.5 stands for air mass 1.5. Air mass measures the ratio of atmospheric path length for
light incident at a given angle to the path length at solar noon (sun directly overhead, zenith
angle of 0◦). AM1.5 is a common standard indicating the sun at a zenith angle of ∼45◦ [78].
The direct (D) spectrum includes light which is emitted from the solar corona directly onto
the PV device. The global (G) spectrum includes this contribution and a diffuse component
including light which has interacted with the environment before falling on the PV cell. Also
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shown in Figure 2.4, is the solar spectrum at the outer surface of Earth’s atmosphere, AM0.
It is observably black-body like. Differences between the terrestrial and extraterrestrial (AM0)
spectra are due to absorption bands of different molecular constituents of the atmosphere
(low energies <2 eV) and other phenomena such as Rayleigh scattering (high energy) [8].
Importantly, for solar applications, daily and seasonal variability and intermittency of the solar
resource must be considered. The AM1.5 spectrum offers only a momentary average of this
variety which is affected by such factors as install location, regional geography, system type,
weather, and soiling.

Figure 2.4: The most common standard solar spectra. Produced from the data provided at [78].

Figure 2.5 reproduces the AM1.5G solar spectrum from Figure 2.4 and aligns it with a plot
of lattice constant versus bandgap energy for common semiconductors. This figure indicates
the trade-offs between thermalization, absorption losses, and availability implicit in the choice
of material which will be used for a solar cell absorber (it also prepares us for future discussion
of multi-junction solar cells, as in Figure 2.8). In Figure 2.5b, points give group IV monotonic
and III-V binary crystals, lines give ternary alloys between the two III-V end points, or binary
alloys of group IV elements.
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The industry standard, silicon, is highlighted in Figure 2.5. For single-junction solar cells,
the application space is dominated by large-scale solar energy production. In this space the
primary metric driving performance is power per dollar. Silicon leverages availability, its history,
and its kin-ship with the information technology industry and has been the most economic
solar cell material for several decades. Silicon has a bandgap of ∼1.12 eV (photon wavelength;
∼1107 nm) [77]. This is quite near to the optimal bandgap value to balance thermalization and
absorption losses for the AM1.5G solar condition. However, unfortunately, silicon’s bandgap is
indirect lowering its absorption capability. In this thesis, my focus on multi-junction PV devices
moves the discussion away from silicon. I offer no focused discussion of thin film (CIGS, CdTe),
organic, perovskite, or silicon solar cells beyond this paragraph.

Figure 2.5: The solar resource and silicon. In a, the AM1.5G standard solar spectrum. In b, common
semiconductor materials plotted as a function of crystal lattice constant and bandgap energy. Silicon,
the common commercial single-junction solar cell material, is highlighted. This figure compares to
Figure 2.6, the laser resource and PPCs, and to Figure 2.8, multi-junction solar cells. Figures are
produced using data from [78] for a and [79] for b.

Laser transmission and photonic power converters

Figure 2.6 offers the corollary of Figure 2.5 for a laser resource. It can be immediately seen that
the shape and power levels for the laser spectrum are very different from solar. Here, I show the
irradiance spectrum for a 1550 nm fiber-coupled laser from QPC Lasers (the QPC Lasers 6015-
A007 [80]) operating at a drive current of ∼35 A (∼11 W output). This spectrum was measured
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at the University of Ottawa SUNLAB using an ASD FieldSpec3 spectrometer [81], switching
between the multiple detectors employed by this spectrometer is visible in the background level
changes at 1000 nm and 1800 nm in Figure 2.6a.

The optimal material choice for the PPC PV device is one which balances thermalization
losses and absorption losses. The material is matched to the wavelength of the laser in operation.
Laser wavelength is typically chosen by application and by laser availability. Laser signals can be
transmitted through fiber optic or free space. In both cases, one encounters problems such as
signal attenuation and wavefront scattering. Modality specific challenges such as atmospheric
turbulence, beam divergence (free space), and power limitations (fiber optic) also exist. PPC
application spaces are investigated further in Subsection 2.3.2.

Figure 2.6 shows that a potential PPC material choice for a system operating at 1550 nm
is the quaternary semiconductor indium gallium arsenide phosphide (InGaAsP) lattice matched
to indium phosphide (InP-LM). This is the PPC system I study in Section 5.3. PPC operation
must account for potential shifts in the spectrum of the laser. The bandwidth of the laser
in Figure 2.6 is ∼30 nm with a central wavelength of ∼1535 nm at the measured operating
conditions. These values may change by ∼10 nm or more if the temperature of the laser is
not managed. Typical sensitivity of the central lasing wavelength to temperature variations are
on the order of 0.1 nm/◦C [82]. As the laser heats up the central wavelength shifts to longer
values due to a decrease in bandgap energy and the bandwidth increases [71, 82].

23



Chapter 2

Figure 2.6: A laser resource and a suitable PPC material. In a, the spectrum of the 1550 nm QPC
Lasers 6015-A007 laser. In b, common semiconductor materials plotted as a function of crystal lattice
constant and bandgap energy. InP-LM InGaAsP is highlighted. With a bandgap of 0.795 eV / 1560
nm, it is chosen as a match to a 1535 nm laser wavelength. This figure compares to Figure 2.5, the
solar resource and silicon, and to Figure 2.8, multi-junction solar cells. Figures are produced using
data measured experimentally in the SUNLAB using an ASD FieldSpec3 spectrometer for a (courtesy
of Dr. Paige Wilson) and from [79] for b.

Single-junction device architecture

Semiconductor PV devices, whether solar cell or PPC, have the same basic structure, shown in
Figure 2.7. The main component is the pn-junction, as already discussed. This junction may
be of any architecture; homojunction, heterojunction, pn, p-i-n, active substrate, etc., as long
as it can achieve the required charge carrier separation. In Figure 2.7 a homojunction is shown.
The absorbing junction is sandwiched between front and back surface field layers. By bending
the valence and conduction bands upward near the contacts (Figure 2.7b) these higher doped,
higher bandgap, passivating cladding layers use electric fields to block the minority carriers
from approaching interfaces where surface recombination is large and thereby increase device
performance. At the top (the light-exposed side) the front surface field layer is also designed
to help lateral conduction to the top-side contacts which are usually arranged as a grid of
fingers (see Figure 3.1). In between the grid fingers is applied one or more thin film dielectric
layers. Called anti-reflection coatings (ARCs) these layers have refractive indices which are
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intermediate to air (or glass, whichever is at the outer surface) and help to couple the incident
light into the PV device using Snell’s law. One and two layer ARCs are common, with recent
trends including patterned (non-planar) ARC layers to increase the path length of light in the
device (light trapping) [83–85].

Figure 2.7: Basic single segment PV device architecture. In a, a simple cross-sectional schematic of
a single segment device. The segment includes the pn-junction and the front and back surface field
auxiliary layers. Not to scale. In b, the band diagram of the single segment device at equilibrium.
The shown device employs a homojunction segment. The different layers of the device are labeled.
Compares to Figure 2.9, the MJ solar cell schematic and band diagram.

Quantum efficiency and device photocurrent

Quantum efficiency is a measure of the current response of a PV device as a function of illumi-
nation wavelength. Specifically, it is the fraction of incoming photons, of a given wavelength,
which produce charge carrier pairs collected as current [8,9]. Quantum efficiency measurements
use a tunable small-bandwidth/monochromatic light beam incident on a PV device to run a
wavelength survey. Input power and device current are carefully monitored. The external quan-
tum efficiency (EQE) is then calculated as the current produced in electrons divided by the input
power in photons. The ”external” modifier indicates that EQE considers photons external to
the device. EQE includes and is lowered by photons which are reflected or transmitted through
the device without absorption. Contrastingly, internal quantum efficiency (IQE), quantifies how
many carriers are collected for photons which are absorbed in the device. Calculated from the
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EQE, it handles reflection, R, and transmission, T , measurements accordingly:

IQE(λ) =
EQE(λ)

1−R(λ)− T (λ)
(2.9)

Measurements of the external quantum efficiency can be combined with knowledge of the
input photonic spectrum to determine the device photo-current. The device short circuit current
(see Subsection 2.1.2), Jsc, is calculated by integrating the product of the EQE and the incident
photon flux, Φph,inc, over all wavelengths, to give the total number of carriers collected as current
and then multiplying this number by the carrier’s charge, q:

Jsc = q

∫ ∞

0

EQE(λ)Φph,inc(λ)dλ (2.10)

Quantum efficiency profiles contain a wealth of device and material quality information beyond
short circuit current. For instance, they are often used to identify loss mechanisms present in
the device (see Figure 3.2 and Figure 3 from Section 3.2), the peak response and bandgap
of a material [8, 9, 86, 87], or to determine the current-matching point for a multi-junction
device [6, 88]. More information on quantum efficiency measurements for MJ solar cells is
provided in Section 2.2.3.

2.2 Multi-junction photovoltaics; More junctions, more
power

This section explores the benefits and challenges of increasing the number of absorbing junctions
in a PV device. First, the realization of the MJ architecture is explicated. Second, I discuss
several mechanisms which are unique to the MJ device operation. Then, I distinguish how
introducing more absorbing junctions differs for solar applications compared to laser applications.
I introduce MJ solar cells and MJ PPCs. Their applications follow in Section 2.3.

2.2.1 MJ device architecture

The first multi-junction device challenge is including new junctions in the device. The issue
is electrical polarity; how can two pn-junctions be connected in series without formation of an
oppositely polarized negating np-junction? In some architectures this is achieved by maintaining
electrical or physical separation between the junctions and then connecting them in series
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external to the semiconductor stack (so-called >2-terminal and/or horizontally interconnected
device designs [37, 89, 90]). In this thesis, the focus is on the vertically-stacked, monolithic
device architecture, seen in Figure 1.1 and Figure 2.9. Any reference to a MJ PV device, MJ
solar cell, or MJ PPC outside this paragraph refers to a vertically-stacked, monolithic device.

The 2-terminal, single crystal vertically-stacked approach uses tunnel diodes: very thin and
highly doped pn-junctions, placed between and at opposite polarity to the absorbing junctions.
The strong band bending in these layers allows carriers to non-locally tunnel between the upper
pn-junction conduction band and the lower pn-junction valence band (as seen in Figure 2.9b).
MJ PV tunnel diodes must be low resistance since they are opposing the output power. They
must also have low parasitic absorption (i.e. be transparent at the wavelengths of operation).
The MJ PV device will contain one less tunnel diode than the number of absorbing junctions
since tunnel diodes are needed between each absorbing junction. The absorbing pn-junctions
each have front and back surface field layers as described for the single-junction, the tunnel
diodes do not. This repeating tunnel-diode-separated absorber stack has the same top and bot-
tom ”finishing” layers as the single-junction case (a lateral conduction layer, contacts, ARCs).

2.2.2 Operation of MJ PV devices

The series-connected nature of the segments dictates a good portion of the MJ PV operation
and design. A chief challenge introduced is current match. A chief boon is the current to
voltage power shift. Much work in this thesis aims to overcome the former and/or leverage
the latter. In this section I outline these two consequences of MJ operation and briefly discuss
luminescent coupling, the MJ extension of photon recycling.

Current matching

Kirchoff’s current law states that current out of a point on a circuit must equal current in [91].
In a series connection the electrical current of the full MJ stack will be limited to the absorbing
junction with the smallest current. For optimal performance all segments must produce the
same current. They must be ”current matched”. When segment currents are mismatched, the
excess carriers cannot be extracted from the junction, they will recombine on the timescale of
the recombination lifetimes (Section 2.1.3), and, while some may be redistributed (see lumi-
nescent coupling, in Section 2.2.2 below), many will be lost, leading to lower power conversion
efficiencies. To achieve the best possible performance MJ PV designers must take careful con-
sideration of the input spectrum(s) and absorption qualities of the material(s) they will use to
plan the thicknesses of the absorbing junctions.
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Power shift; current for voltage

Kirchoff’s voltage law states that voltages in series stack or add to one another (and that
the sum in a closed loop is zero) [91]. In a MJ PV device the voltage output is found by
summing the voltage of all junctions. This allows output voltages which far exceed the single-
junction capability (by roughly the segment multiplicity). This voltage boost is coupled with
a lower current since light absorption is shared across the junctions (approximately evenly, to
attain current match) and entails a power shift from high currents and low voltages to low
currents and high voltages. This effect is seen, for example, in Figure 4.2. It is central to the
research of Section 4.4 and Chapter 5. As the segment multiplicity increases, the JV curve gets
progressively shorter (lower current) and wider (higher voltage). The MJ power shift reduces
system series resistance losses (as in Section 4.4) and boosts output voltages (as in Chapter 5).
In state-of-the-art PPC devices, efficiency is nearly maintained through this shift [7]. In MJ
solar cells, efficiency is increased as the number of junctions increases since it leads to more
efficient collection of a greater portion of the solar spectrum (see Subsection 2.2.3).

Luminescent coupling

More absorbing junctions increases the possibility of radiative recombination reabsorption. Lu-
minescent coupling (LC) is the multi-junction generalization of photon recycling (Section 2.1.3)
[46,51,74,92–99]. It is the reabsorption of photons emitted via radiative recombination in gen-
eral and includes events where the recombination/emission and reabsorption are in different
segments. Photon recycling, on the other hand, only describes when emission and reabsorp-
tion take place in the same segment. While photon recycling helps boost open-circuit voltages
in single- and multi-junction PV devices, LC can further help raise the current in MJ PV by
redistributing current-mismatch. This is a boon to MJ PV devices since a reasonably current-
matched design requires non-trivially accurate and precise device modeling and manufacturing
to obtain. And, since current-match operation is impossible to maintain with device heating
and the ubiquitous unavoidable changes in irradiance spectra changing the current distribution
(input solar spectra vary widely due to a large number factors including daily and seasonal
variation in the solar resource, cloud cover, and soiling, input laser spectra vary significantly
with the laser temperature). LC’s redistribution of current-mismatch greatly increases MJ PV
device robustness and reduces device heating by effectively reducing the total recombination.
Naturally, LC effects are more significant in devices with high-quality materials, devices where
radiative recombination makes up a large proportion of the recombination events (high internal
radiative efficiency). Modeling LC is an area of active research, hampered by the complicated
non-local balancing nature of the phenomena. LC is included in the MJ PPCs model explored
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in Chapter 5 using the iterative model of Wilkins et al. [92].

2.2.3 MJ solar cells

In solar cells, the multi-junction approach has been to include junctions with different bandgaps
to collect more of the spectrum, reduce thermalization losses, and increase device efficiency [6,8,
9,88]. A comparative look at Figure 2.5 and Figure 2.8 indicates this drawback of single-junction
solar cells. As mentioned, silicon, the material indicated in Figure 2.5, is near the optimal single
material bandgap to balance AM1.5G absorption and thermalization losses. Yet, the spectral
figure indicates sizable transmission and thermalization losses for a great portion of the incoming
energy (the spectral peak is at ∼2.5 eV, silicon’s bandgap is 1.1 eV). Figure 2.8 illustrates
the multi-junction solution. In this figure, the solar spectrum is now divided amongst three
absorbing junctions, indicated by the three coloured areas. A larger portion of the spectrum is
collected, thermalization losses have been greatly reduced, and potential maximum efficiency
increases. Record one-sun efficiencies for one and three junction solar cells are 27.6% for a
silicon heterojunction 1J (2024), 29.1% for a gallium arsenide (GaAs) 1J (2019), 37.9% for an
InGaP/InGaAs/Ge 3J (2003), and 39.5% for an InGaP/InGaAs/InGaAs 3J with InGaP quantum
wells in the second junction (max 3J one-sun efficiency, 2022) [4]. As Figure 2.9a and b indicate
the junctions in an MJ solar cell are arranged with bandgap energies that decrease progressively
from the top (light-side) to the bottom (substrate side) to split the absorption as indicated
(Figure 2.8b and Figure 2.9b).

29



Chapter 2

Figure 2.8: The solar resource and the InGaP/InGaAs/Ge multi-junction solar cell. In a, the AM1.5D
standard solar spectrum. In b, common semiconductor materials plotted as a function of crystal lattice
constant and bandgap energy. InGaP, InGaAs, and Ge, the materials for the top, middle, and bottom
segments of a classical 3J solar cell are indicated. This figure compares to Figure 2.5, the solar
resource and silicon, and Figure 2.6, the laser resource and PPCs. Figures are produced using data
from [78] for a and [79] for b.
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Figure 2.9: Classical unsegmented MJ solar cell device architecture. In a, a simple cross-sectional
schematic of a four subcell device. This design employs an active substrate in the fourth junction, this
is representative of the InGaP/InGaAs/SiGeSn/Ge material system. Each subcell segment includes the
auxiliary surface field layers as in Figure 2.7. Schematic is not to scale. In b, the band diagram of the
four segment device at equilibrium. As in the single-junction corollary, Figure 2.7, this device employs
homojunction segments. Refer there for an example labeling of the front and back surface field layers
and the pn-junction emitter and base. The progression of decreasing semiconductor bandgaps and
the significant band bending of the tunnel diodes are clearly evident in b.

Design and lattice matching

Multi-junction solar cell design is a trade-off between the ideal bandgaps for the solar spectrum
which the cell will experience and the actual realizable materials and their quality. As previously
seen, Figure 2.8b maps the landscape for semiconductor materials. The single crystal nature
of the MJ solar cell must be considered. This sets constraints on how different the size of the
material lattices in the solar cell can be. The lattice constants for the materials must ’match’
for a crystal with a low concentration of charge carrier removing defects (Section 2.1.3). In
other words, they must be similar enough that a single crystal with multiple material layers
will have minimal dislocations of atoms in the material lattices. Returning to Figure 2.8, this
means designers may only choose materials which fall near a line of constant lattice constant.
This restriction does not negate current matching (Section 2.2.2), which must be considered
simultaneously.

The classical MJ solar cell design approach is to find high quality materials or mate-
rial systems which could be leveraged for a MJ solar cell and then improve and/or extend
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them [8–15, 26]. The historical industry standard high quality material system is the In-
GaP/InGaAs/Ge 3J design, as shown in Figure 2.8. This design employs bandgaps of 1.9
eV/1.4 eV/0.67 eV (indirect) in an epitaxial stack which is lattice matched to the active ger-
manium substrate (Ge-LM). This design achieved great success because of its high material
quality [14,15] despite a significant overproduction of current in the germanium junction under
an AM1.5D irradiance (at the detailed balance limit, see Subsection 2.4.1). Current matching
can be achieved with an ∼ 1.0 eV third junction. However, as Figure 2.8b shows, to extend
this industrially mature InGaP/InGaAs/Ge material system to include a lattice-matched, ∼1.0
eV bandgap third junction is not straight-forward and was long considered a holy grail for the
MJ solar cell field [10, 11, 22, 34, 100–104]. In Chapter 3 of this thesis, I present research on
silicon germanium tin (SiGeSn) a ternary group-IV alloy as a potential candidate for this task.

Advanced techniques exist which find novel approaches to overcoming the simultaneous
lattice and current match restrictions in MJ solar cells. Two innovations on the epitaxial
growth side are wafer-bonding [101, 105–108] and metamorphic buffers [101, 109–113]. Both
processes find a way to connect crystals of different lattice into one monolithic structure with
minimal defect generation. For wafer-bonding, the two crystals of different lattice are grown
separately, with the top one grown inverted. The wafers are flattened, polished, and cleaned
at the atomic level with fast argon bombardment. The clean crystals bond together naturally
when brought together with sufficient force. For metamorphic buffers, a sequence of buffer layers
are placed between the two portions of crystal with different lattice constant. These layers,
typically of ternary or quaternary material, have a graded composition such that their lattice
constants progressively shift from the one crystal’s to the other’s. This reduces dislocations
in the lattice when sufficiently optimized. Record efficiencies (with concentration - see the
previous section for one sun records) for wafer-bonded design and designs with metamorphic
buffers are 47.6% (InGaP/AlGaAs/GaInAsP/InGaAs 4J, 665 suns, 2023) and 47.1% (6J, 143
suns, 2020), respectively, these are the highest solar to electrical power conversion efficiencies
ever attained [4]. In Chapter 4 of this thesis, I discuss segmented MJ solar cells, another
approach to decouple the lattice and current match restrictions of the MJ solar cell design
space.

MJ solar cell quantum efficiency

Quantum efficiency experiments on multi-junction solar cell devices can be completed similar
to single-junction quantum efficiency (Section 2.1.4) if it is the response of the full cell which
is desired. Typically, however, designers would like to ascertain the response of each junction
in the device separately. This requires a modification to the basic measurement due to the
multiple absorbing materials in the MJ solar cell. Specifically, these experiments must use
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”light biases” on the subcells which are not under study. The MJ solar cell is illuminated with a
selection of small bandwidth sources with wavelength spectra which will excite carriers in each
subcell alone. Each subcell is measured in turn with the light bias sources for the other subcells
turned on. The light bias causes an over-production of current in all subcells but the one being
surveyed, it becomes current-limiting and it’s response to the monochromatic probe beam is
what is measured by the quantum efficiency apparatus. For these experiments to work the light
biases must be of the correct wavelengths to bias all subcells in turn without interfering with
the probe and they must be strong enough to cause the current overproduction. Section 3.1
gives an example of a MJ solar cell quantum efficiency measurement collected during these
doctoral studies.

2.2.4 MJ photonic power converters

For PPCs, the MJ approach is naturally quite different. The small photonic bandwidth of
laser light means that one PV absorber material is ideal. It is not spectral matching but the
MJ power shift (Section 2.2.2; high current, low voltage to low current, high voltage) which
offers the prime advantages for PPCs [7, 37, 38, 40, 41, 114–119]. At the remote side of a
power-by-light system, lower currents mean lower series resistance losses, which mean higher
output powers. Larger PPC output voltages means there is no need for voltage up-converters
on the remote side. And it simultaneously increases the remote load capacity by a factor of
the segmentation multiplicity squared (through Ohm’s Law; max load resistance is max power
point voltage over current) [7]. The greater voltage range of the MJ PPC also entails higher
signal fidelity compared to lower voltage single-junction operation in both fiber and free-space
based data applications [63, 64, 120–123]. These benefits have led to record performance for
vertically stacked MJ PPCs; output power and voltage records of >29 W (GaAs absorbers,
12J, 810 nm, ∼61% efficiency) [124] and >35 V (GaAs, 30J, 808 nm) [119]. The record
(room-temperature) PPC optical power conversion efficiency is 68.9% held by a single-junction
device [125]. High-quality MJ PPC efficiencies are comparable, with a record efficiency above
65% for a 5J device (GaAs, ∼830-840 nm, ∼1.25 W input power) [126]. Discussion of PPC
applications continues in Subsection 2.3.2.

2.3 Applications; From electricity to societal use

Photovoltaics are a critical part of several major 21st century technological movements, such
as the global energy transition, the internet-of-things, and 5G+ telecommunications paradigms.
In this section, I give a brief outline of PV applications pertinent to the research topics of this
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thesis. Naturally, these are split by PV device type. First, I cover MJ solar cell applications,
then MJ PPCs. I also delve into the theory behind adaptive optics techniques for free space
infrared communications in this section. This gives context for Chapter 6 and is an example of
complementary research which must be completed to see the realization of PV applications in
society.

2.3.1 Solar cells

The main application of solar cells is power production [6, 8, 9, 88, 127–129]. Solar PV offers
a renewable, low emissions alternative to fossil fuels for large-scale utility power. As of 2022,
<3% (4.4%) of the global energy (electricity) mix was produced by solar, this number is up
significantly from the year 2000 value of <0.6% (∼0%) [127]. However, utility-scale solar
installations almost always use silicon solar cells. This is the same for rooftop, vertical, building
integrated, agrivoltaic, and essentially any other install that requires large areas of PV coverage.
This is because silicon solar cells are orders of magnitude cheaper than MJ solar cells (0.33
US dollars per watt of DC power produced (USD/WDC) compared to 69 USD/WDC for a 3J,
2018 [5]) and have higher efficiencies than cost-competitive technologies, such as thin film or
organic (23.6% vs. 19.2% record efficiencies for thin-film and organic respectively [4]). For MJ
solar cells, utility-scale power production is only cost-competitive if concentrator technologies
are leveraged, this is discussed in the first section below.

The MJ solar cell application space extends to smaller scale power production as well.
The trade-off of higher performance and higher expense leads to the use of MJ solar cells
in applications where space is limited, performance is valued, and/or economics are not of
first concern. These include so-called niche applications [6, 88, 111, 130] such as satellites
[131–133], extraterrestrial and space exploration [134], drones [135, 136], military, and electric
cars [137–140]. Use of concentrating elements in these applications is possible as well.

Concentrator photovoltaic power generation

In concentrator photovoltaic (CPV) systems, optics are used to concentrate sunlight onto small
MJ solar cells with the relatively cheap optics offsetting the higher MJ solar cell cost [6,88,141].
A simple schematic of a basic CPV module is shown in Figure 2.10a. How these modules are
arranged into panels, placed on tracking systems, and fielded is shown in Figure 2.10b. The
idea is simple: light is collected by a large area lens and focused down onto a comparatively
small solar cell. This saves material costs as the expensive III-V semiconductor of the MJ
solar cell is replaced by lenses and additional mounting. This makes CPV modules much more
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cost-competitive with silicon than un-concentrated MJ operation. Since the lens must focus
the light onto the MJ solar cell, the sun must remain as the lens’ object. To this end CPV
systems must use double-axis tracking to keep each panel perpendicular to the suns incoming
rays during operation. The lenses only focus the direct portion of the solar insolation onto the
cell, the vast majority of the diffuse light does not enter the lens at an angle which results in it
hitting the cell. This is why AM1.5D is used as the pertinent standard solar spectrum in this
thesis (see Section 2.1.4).

Figure 2.10: Schematic of a CPV system. In a, a large number of modules are mounted on a two-axis
tracking to maintain perpendicularity to the sun. In b, modules are typically combined into groups to
ease mounting. In c, the basic CPV module. A Fresnel lens focuses solar irradiation onto the MJ solar
cell at its focal distance. The solar cell is mounted with thermal control to manage heating during
operation. Adapted from [141] with permission from Elsevier.

The area ratio of light collection spot on the lens to illumination spot on the solar cell
indicates the concentration factor. Hundreds of suns (100x) concentration factors are normal,
with concentration factors exceeding a thousand suns in some cases [88,142]. As has been seen
in the previous sections of this chapter (Subsection 2.1.2 and Subsection 2.1.3), increasing the
level of light affects the JV characteristic of the pn-junction in two main ways. First, more
photons leads to more electrons. Equation 2.5 and Equation 2.10 show that the cell current is
directly proportional to the input irradiance (and, thus, concentration factor). Second, as was
seen in Equation 2.3, is a logarithmic increase in the open circuit and MPP voltages with input
irradiance caused by increasing chemical potential in the junction and a resultant widening of the
space charge region in the junction. This voltage increase results in a power conversion efficiency

35



Chapter 2

which increases logarithmically with concentration. However, the concentrated irradiance comes
with the challenge of greater series resistance losses (which scales with current/concentration
squared through P = JV = J2R) and larger thermal loads. These two feedback effects limit
system performance and must be carefully managed. The logarithmic build and then series
resistance roll-off of efficiency with increasing concentration can be seen in Figures 1 through
3 of Section 4.4. Pushing the series resistance limit to greater solar concentrations using
segmentation is the topic of that section.

Utility-scale CPV has declined [5, 143]. The technology was more popular in the early
2010s. At that time it was cost-competitive with silicon for large area coverage. However,
the continued fall in silicon solar cell prices has rendered the competition moot at this time
(2025). Advancement in CPV has been slower than silicon but continues. As Section 4.4
shows, subcell segmentation and this thesis are part of that advancement. The current trend
in CPV is miniaturization; pushing the CPV advantages as far as possible by constructing cells
with collection areas on the micron scale (”micro-CPV”) [144–147]. Use of the concentrating
principle for small-scale applications like those mentioned at the end of the previous section is
an active area of research as well [131, 134, 137, 138].

2.3.2 Photonic power converters

The main PPC applications center around power and data delivery in remote, hard-to-reach,
and/or sensitive systems [7,37–41]. Figure 2.11 indicates the type of applications and electronics
that PPCs can be used to power according to laser wavelength and output power of the system,
as seen in [7]. Power beaming indicates free space transmission. The device types found in this
figure are no coincidence, this is clear once the benefits of photonic power and data transmission
are examined. First, the photonic nature of the signal entails galvanic and electromagnetic
isolation. Second, fiber optics are a transmission medium which allows faster signal propagation
and which is lighter and less prone to corrosion than copper wire [38]. Third, photonic power
and data can be transmitted wirelessly (i.e. in free-space). Fourth, optical laser wavelengths
have a large data bandwidth for telecommunications applications. And, fifth, photonic beams
are highly-directional ensuring high data security. While PPCs may be used in any system where
power will be extracted from a photonic signal, these benefits indicate the application spaces
where PPCs and photonics have an especial advantage over the incumbent technology. For
example, applications with fire risks benefit from the lack of sparking [42, 148], while safety
and reliability concerns in high-voltage applications are mitigated by the photonic nature of the
signal [43, 44, 149]. Heavy industry, dispersed industry or utility, geological and environmental
monitoring and research, extreme environments, edge electronics, 5G+ telecommunications
technologies, the internet of things, space exploration, space power systems, and more may
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all profit from the safe, reliable, remote power and data transmission inherent in the photonic
modality.

Figure 2.11b shows the efficiency and output power for a large variety of single and MJ
PPCs from across the PPC literature [7]. This figure clearly indicates that multiple junctions
are needed to achieve the output power levels required for many applications (medium and high
power formats in Figure 2.11a). This is because the single-junction PPC efficiencies are limited
by their ability to carry the system load (∼ RMPP = VMPP/IMPP ) which vanishes as the input
current increases [7, 119]. High quality PPCs routinely achieve power conversion efficiencies
exceeding 50%, with the highest performing devices falling within the 60-70% range. The
efficiency may remain roughly unchanged as the segment multiplicity is increased. In Chapter 5
of this thesis, I discuss the design of novel MJ 1470 nm and 1550 nm PPCs, these are demarcated
within Figure 2.11 by x’s.
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Figure 2.11: Photonic power converter perspectives. In a, PPC applications as a function of system
wavelength and the PPC output power. ”Power beaming” indicates free-space transmission. In b, a
literature survey showing optical to electrical power conversion efficiencies and output powers for a
large variety of PPCs. Colour indicates wavelength, markers indicate architecture with points denoting
single-junction or horizontally-segmented MJ PPCs, and diamonds denoting vertically stacked MJ
PPCs. Reference numbers within b refer to references in [7]. The x’s in both figures indicate the
PPCs which are the topic of Chapter 5. Both figures are adapted from [7] with minor, superficial
changes (Creative Commons CC BY).
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Single pixel adaptive optics for infrared free-space communications

Free-space optical links are realized by non-visual wavelength laser beams which transmit data
and power in a point-to-point fashion through free-space (i.e. wirelessly) [57–62]. For links
which transmit through the atmosphere, degradation of the signal occurs as the laser beam
wavefront interacts with the turbulent, location and time variant, density, composition, and
temperature distributions of the air. The result is not only a dimmer beam at the receiver, as
some of the light is absorbed and scattered away, but, a spatially aberrant beam as well. As the
beam passes through these moving volumes of air different portions of the beam are subject to
different distributions of refractive index resulting in relative phase-shifts. The beam wavefront
becomes out of phase with itself, and upon focusing, interacts with itself causing an interference
pattern referred to as a speckle pattern. Figure 2.12 shows an example of simulated speckling
from the experimental setup which is the focus of Chapter 6. In Figure 2.12a is the focal point
spread function of a clean, no-turbulence, free-space laser beam signal. In Figure 2.12b is the
point spread function of the same beam but with simulated atmospheric turbulence included.
Wavefront speckling inhibits coherent optical processing and quickens the beam intensity loss
(fast fading) limiting the reliability and throughput of optical links. For next-generation optical
links these turbulence effects must be mitigated in near-real time, this is the purview of adaptive
optics (AO) [65–69, 150].

Adaptive optics aims to correct for phase-distortion in the wavefront of an incoming signal
using a feedback loop and a corrective optic. It progresses in an iterative manner. The wavefront
of the incoming beam is measured. This may be in the pupil or focal plane as long as the phase
can be extracted. Then, the phase mask required to cancel out the measured distortion and
return the signal to a no-turbulence baseline is calculated. Finally, the canceling phase mask
is applied to the corrective optic (e.g. a deformable mirror or spatial light modulator). This
process is then repeated. AO latencies on the order of 1 ms or less are required for free-space
optical communications, in accordance with the typical skew rate of low earth satellites and the
environmental phase-distortion variations with time and location [151].
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Figure 2.12: Consequences and correction of atmospheric turbulence on free-space photonic signals.
In a, example focal plane point spread function of a photonic laser beam without modulation. The
Airy pattern and experimental point spread response are visible. In b, focal plane point spread function
for the same beam as in a but with strong atmospheric turbulence. In c, schematic representation of
an adaptive optics (AO) system. Subfigures a and b are experimental images captured by the author
using the test bench detailed in Chapter 6. Subfigure c is adapted from [150] with permission from
Elsevier.

Adaptive optics requires an imaging component to measure the wavefront. Next-generation
optical links will often use short-wave infrared wavelengths (SWIR, ∼1 - 3 micron and, specifi-
cally, 0.8 - 1.6 micron) since they are eye-safe and offer the wide-, and unlicensed/available in
most regions of the globe, bandwidth necessary for 5G+ telecommunications paradigms. This
wavelength regime was highlighted in Figure 2.6 and shows that detection in this bandwidth is
typically achieved using InGaAs or InGaAsP. This material is available in high-quality but is up
to three orders of magnitude more expensive than silicon, the conventional visual wavelength
imaging material [151–153]. Unlocking the SWIR bandwidth for mainstream use will require a
technology which can be economically deployed. One possibility, investigated in Chapter 6, is
to use a single pixel camera to mitigate cost with compressive sensing techniques to mitigate
single pixel latency [53–56, 154–156].

Single pixel cameras, as the name suggests, consist of one detecting element. Their sim-
plicity makes them much cheaper than their multi-pixel counterparts. Single pixel cameras
operate to capture a multi-pixel image using the principle of structured detection. The idea is
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shown in Figure 2.13a-c. It involves the construction of the final image as the sum of the single
pixel intensity weighted patterns in a sampling pattern basis. The patterns are typically applied
using a digital micro-mirror device (DMD) consisting of many thousands of micron-scale mirror
pixels which can each be tilted into an off or on position at rates in the thousands of hertz.
A single pixel camera would be placed in the focal point of one of these modes (or both, for
a differential measurement) to collect the pattern-structured image intensity. Typically, the
single pixel camera needs as many measurements as there are (desired) pixels in the output
image, or more, due to noise [154,155]. Careful choice of the patterning basis and using differ-
ential measurements to reduce noise help but do not allow the single pixel camera to achieve
less than a one-to-one pixel-to-measurement ratio, in other words, they cannot help break the
Shannon-Nyquist sampling theorem [154, 155, 157].

Compressive sensing breaks the Shannon-Nyquist sampling theorem by realizing that reso-
lution comes from information content rather than sampling [154, 156]. The Shannon-Nyquist
theorem relates the minimum sampling rate to avoid information loss when discretizing a signal
of a given maximum frequency [157]. For images (visual signals) it dictates proportionality
between the image resolution and the image sampling (the number of pixels). In compressive
sensing, the shift is to realize resolution is tied to information content rather than sampling. And
that images are often information sparse. This can be understood viscerally when one considers
an image of a face with a blank background. The image may be defined recognizably using just
a few lines and shapes, it does not require a description of each pixel. Compressive sensing of
images operates to find a basis in which the information content is sparse (the image is defined
by a few large coefficient values, all the rest, the vast majority, are near zero). Figure 2.13d
shows a suitable basis example for sparse decomposition of the focal plane speckle patterns seen
in Figure 2.12b; the Hadamard patterns. Compressive sensing then exploits the sparse basis;
measurements within this basis are collected and the one which has the minimum l1-norm (co-
efficient sum) is identified. The magic of the sparse basis is that this minimal l1-norm result is
the true solution and that it can be found with as few as K(log(N/K)) measurements, where
K is the size of the sparse basis and N is the full number of pixels (full image basis). Since
less measurements are required, compressive sensing allows single pixel images to be collected
more quickly, reducing latency for AO operations. In Chapter 6, I give experimental evidence
that single pixel images with compressive sensing fractions as low as 15% may perform nearly
as well as full resolution multi-pixel images when used as input for an adaptive optics algorithm
which operates on the focal plane speckle patterns.

Many AO algorithms exist. The speckle-spot based AO algorithm investigated in this thesis
is based on the research of Carrizo et al. [152,158]. The turbulent wavefront is approximated as
a linear series of plane waves, with each speckle-spot (area of coherent interference) associated
with one of the plane waves. The corrective phase mask is obtained by optimizing how much of
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the signal can be coupled into a fibre. It proceeds one speckle spot at a time, taking the spot
intensity and location and using the periodic nature of plane waves to fit for the wavevector
and phase of the plane wave associated with each speckle spot. The final solution is extracted
as the series of plane waves which produce the corrected beam with the highest fibre coupling.

Figure 2.13: Principles of the single pixel camera (a - c) and an example of an image in a sparse basis
for compressive sensing (d). In a, a representation of the imaged scene. In b, a 3D schematic view of
two pixels of the DMD. In c, a visual indication of the image reconstruction process. Subfigures a-c are
reproduced from [155] (©2020 Optical Society of America under the terms of the OSA Open Access
Publishing Agreement). In d, a high-turbulence focal plane point spread function (inset) imaged with
the single pixel camera of Chapter 6. The image is collected in the 64 × 64 Hadamard pattern set,
the graph shows that this is a suitable sparse basis for compressive sensing.

2.4 Device design paradigms

Accurate optoelectronic device simulation is an important tool in the design of modern devices
which feature ever-increasing complexity, shrinking sizes, greater variety, and higher perfor-
mance requirements [82]. Its use typically falls in to one of two categories: (1) the use of
relatively simple simulation methodologies for theoretical exploration, proof-of-concept, and
”back-of-envelope” type calculations, and (2) the use of complex, well-calibrated simulation
methodologies for the accurate and precise prediction of the performance of realized and re-
alizable devices. The work in this thesis uses simulations of one type or the other. In the
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subsections below I introduce the simulation methods used in this thesis. First, I will intro-
duce the modified detailed balance limit (mDBL) calculations as an example of the former,
proof-of-concept type simulation. mDBL calculations are used extensively in my research of
segmented multi-junction solar cells (Chapter 4). Then, as an example of the latter, I will
introduce Synopsys Sentaurus TCAD as it was used in my research on solar cells incorporat-
ing silicon-germanium-tin (Section 3.2 and Section 4.3) and MJ PPCs (Chapter 5). Finally,
I briefly outline basic artificial intelligence background to provide context for its incorporation
into optoelectronic device design. This is one of the main achievements of the MJ PPC project
detailed in Chapter 5.

2.4.1 Proof-of-concept simulation: The detailed balance limit

Proof-of-concept simulations trade a lower model accuracy for lower computational expense.
They are often based upon theoretical calculations. For PV devices the detailed balance limit,
also known as the Shockley-Queisser limit and radiative efficiency limit, dictates the maximum
theoretical efficiency of a single pn-junction PV device [8, 9, 159, 160]. It uses the principle of
detailed balance which states that, for a device in steady-state, processes (such as photonic
absorption, Figure 2.3a) are in equilibrium with their reverse (photonic emission, Figure 2.3b).
This allows the PV device current to be calculated as the difference between the absorbed
and emitted photon fluxes. The photon fluxes are found by considering black-body radiation
profiles for the direct and diffuse components of the incoming light and the PV device itself
and using a number of assumptions. The detailed balance limit assumes: (1) that all photons
with energy greater than the bandgap are absorbed, generate a single electron-hole pair, and
are collected as current no matter where in the device they are generated (infinite charge carrier
mobility), (2) that all photons with energy less than the semiconductor bandgap are perfectly
transmitted through the device, (3) that no non-radiative recombination processes are present
(hence the name; radiative (recombination) efficiency limit, the junction JV is described by
Equation 2.2 with an ideality factor of 1), and (4) that there are no other losses present (no
parasitic absorption, reflection, contact shading, series or shunt resistances, etc.). For the
AM1.5G spectrum, the detailed balance limit dictates a maximum single-junction solar cell
power conversion efficiency of ∼33%, this is obtained with a semiconductor bandgap of ∼1.4
eV [8].

Modified detailed balance limit calculations extend the detailed balance limit beyond single-
junction devices and refine the assumptions to produce more accurate results. In Chapter 4
of this thesis, I develop and use a mDBL simulation codebase called ”Segments” to calculate
theoretical JV performance of MJ solar cells with and without segmentation. It calculates
the radiative recombination limited performance for each segment and connects them in series
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to determine the MJ device performance. It has options to include non-unity ideality factors
(approximates the effect of non-radiative recombination in the space charge region), non-unity
internal quantum efficiencies (i.e. not all generated carriers are necessarily collected), reverse
voltage junction breakdown (see Figure 2.2a), series resistance, and junction shunt resistances
(see Equation 2.5). It also includes more realistic absorption and device thickness considera-
tions by allowing (a specified amount) less than 100% of the incoming photons to be absorbed,
and by including model-based and experimental material absorption profiles and thickness de-
termination algorithms. Segments continues to ignore contact shading losses, reflection and
interference at interfaces, parasitic absorption in any non-absorber layers including the tunnel
diodes, photon recycling, and luminescent coupling. Section 4.1 presents an overview of the
functionality which I added to Segments as part of this thesis work. Section 4.2 and Section 4.4
present research which use Segments to ascertain some of the potential impacts of segmentation
upon the design of a InGaP/InGaAs/SiGeSn/Ge solar cell and CPV operation, respectively.

2.4.2 Predictive simulation: Synopsys Sentaurus TCAD

Proof-of-concept simulations and theoretical calculations often fail to achieve the level of realism
required for the accurate prediction of PV device performance, instead designers must turn to
more computationally expensive numerical methods which act to solve fundamental physics
equations while including as many realistic effects as possible using phenomenological models
and experimental data. For the greatest accuracy and predictive capacity, experimental data
and calibration of free parameters in the models should be based off of the exact devices which
will be manufactured. Hence, the typical optoelectronic device design is executed through an
iterative feedback process of manufacture, evaluation, and modeling. The first iterations work
to establish a well-calibrated device model which can then be used in a predictive capacity, this
predicative capacity is then confirmed and refined in the next iterations. Once established, the
predictive device model is used to explore the complex design space in ways that are impossible
or that would be prohibitively expensive with realized devices [82, 161].

Synopsys Sentaurus TCAD is a suite of software tools for simulating semiconductor fab-
rication processes and devices [162]. One of its main advantages is its customizability. Any
physical phenomenology which can be numerically modeled can be included in the simulation
flow either through functionality present in the Synopsys Sentaurus simulation tools outright
or through custom code which can be easily incorporated into the simulation environment. In
this thesis, Synopsys Sentaurus TCAD is used to model MJ solar cells (Section 3.2 and Sec-
tion 4.3) and PPCs (Chapter 5). Figure 2.14 presents a simplified version of the code flow
in these projects. The crux of predictive simulation for PV devices is self-consistent solution
of Maxwell’s equations (at mesh points) throughout the device. The optical portion is solved
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separately from the electrical portion. For my projects, the optical simulation benefits from
the relatively simple geometry of my modeled devices. The thin, planar layer structure of the
MJ solar cells in Section 3.2 and Section 4.3 allows the use of the transfer matrix method
(TMM) which is derived from continuity of the electromagnetic field at the interfaces between
each layer [72, 74]. The magnitude of the field can be calculated throughout the device if
its incoming character is known. Alternatively, rigorous coupled wave analysis (RCWA) al-
lows for thin, non-planar, periodically-structured-in-the-perpendicular-direction layers. It solves
Maxwell’s equations within the Fourier space using Bloch waves and Floquet functions (generic
Bloch waves) to expand Maxwell’s equations and the boundary conditions [72,74,163]. RCWA
is used in simulation of the MJ PPCs in Chapter 5, although it should be noted that the stud-
ied MJ PPCs consist of only planar layers, in this case RCWA and TMM produce the same
results. For the electrical portion of the device simulation, Sentaurus solves the Poisson and
charge carrier continuity equations while accounting for all other physics modeled in the device
(for example; non-radiative recombination mechanisms). For a more complete treatment of
modeling PV devices in Synopsys Sentaurus TCAD please refer to [12, 72, 74, 164].
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Figure 2.14: Simplified simulation flow for the Synopsys Sentaurus TCAD projects used in Section 3.2,
Section 4.3, and Chapter 5. References; Synopsys Sentaurus TCAD graphical user interface [162],
epi tool [165], matpar tool [165], structure editor [165], sdevice simulator [166], TDX data explorer
tool [167], svisual tool [168], the S4 RCWA package [163,169], and the luminescent coupling method
of Wilkins et al. [92].
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2.4.3 Machine learning basics

Machine learning (ML) is the subset of artificial intelligence (AI) techniques which use data-
trained algorithmic approaches. Three broad categories of ML exist; supervised, unsupervised,
and reinforcement learning. Supervision refers to whether the training data includes outputs
or not. Supervised ML training data includes labels (data has input and output information).
It aims to determine the input-output relation which is inherent in the data. Most neural
net approaches are an example of supervised learning. Unsupervised ML uses training data
which is not labeled (no distinction in the data, i.e. only input data). It operates purely to
recognize patterns in the training data. Clustering and dimensionality reduction are examples
of unsupervised ML methods. Reinforcement learning incorporates user feedback into training
the algorithm. The response of the algorithm evolves based upon whether it’s action is reinforced
(rewarded) or dissuaded (penalized). ML techniques generally require large amounts of accurate
and clean data (where data cleanliness refers to all data being valid and having the same
features). As such, establishing an efficient and efficacious data preparation pipeline is an
integral component of successful ML implementation. In Chapter 5 of this thesis I implement
dimensionality reduction ML techniques to enhance the design exploration, optimization, and
understanding of MJ PPCs. More information on dimensionality reduction can be found therein.
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Silicon-germanium-tin

In this chapter I demonstrate the potential for new high-efficiency multi-junction solar cells which
use SiGeSn as the third subcell in a 4J extension of the industry standard 3J. As introduced
in Section 1.1, this project represents a classical approach to MJ solar cell design; develop
new materials which fulfill the lattice and current matching requirements of an existing MJ
material system. Higher efficiencies result as spectral matching increases and thermalization
losses are reduced. In this work, this efficiency boost is targeted while simultaneously leveraging
the industrial maturity of the industry standard InGaP/InGaAs/Ge 3J solar cell. I introduce
the emerging SiGeSn material as a current and lattice matched third subcell. In the next
section of this chapter, I briefly introduce the formal cross-Canada SiGeSn project and outline
experimental measurements collected at the University of Ottawa SUNLAB. In Section 3.2, I
present my Photovoltaics Specialist Conference (PVSC) 2022 evaluation abstract which delves
into accurately modeling SiGeSn using Synopsys Sentaurus TCAD before reporting gains, quality
limits, and challenges for the InGaP/InGaAs/SiGeSn/Ge system.

3.1 Monolithic multi-junction III-V solar cells with opti-
mal 1 eV subcell

This section outlines my contributions to the Government of Canada’s Strategic Project Grant
of the same name. This project was a collaboration between Ecole Polytechnique Montréal,
Université de Sherbrooke, and the University of Ottawa. It aimed to design, grow, and fabri-
cate the first operational 4J SiGeSn solar cell. University of Ottawa’s roles were device testing
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and simulation. The next section describes efforts in the latter pursuit, this section the for-
mer. While no 4J devices were grown, InGaP/InGaAs 2J samples were. These prototype
devices were developed and tested at Université de Sherbrooke and were also tested at the
SUNLAB. This characterization is described in [24]. The reflectance and IQE measurements
therein were carried out by the author, Dr. Alex Brice Poungoué Mbeunmi, and I, high concen-
tration verification measurements were also collected at the SUNLAB. These tests contribute
to the realistic growth, fabrication, and CPV application of the top two-junctions in the In-
GaP/InGaAs/SiGeSn/Ge stack. As a small experimental accompaniment to this simulation
focused thesis I present an outline of the test and results below.

Figure 3.1 shows a magnified image of one the InGaP/InGaAs samples under test at the
University of Ottawa SUNLAB. Figure 3.2 shows experimental IQE (a) and reflectance mea-
surements (b) collected at the SUNLAB. EQE measurements were collected using an Oriel
Instruments IQE200 Series [170]. Light bias of the top InGaP subcell was achieved using a 405
nm laser diode, a lamp light with red components filtered out was used for the bottom subcell.
Data is collected for each subcell in separate runs, to allow switching of the light bias. Four
samples are shown in Figure 3.2, they have varying grid finger pitches in the range 125-400
micron. The devices have active areas of 3.8×3.8 mm2. Only direct reflectance is collected
and considered (where direct means reflectance which is in-line with the monochromatic survey
beam). Transmission and diffuse reflectance are assumed to be zero in calculation of the IQE
(Equation 2.9). Non-negligible diffuse reflectance is possible and would result in a boost to the
IQE if accounted for.

Figure 3.2a shows that the devices have high material quality but that there may be room
for improvement in the design or growth recipe. The devices have high IQEs, around 0.9 or
greater across the majority of each subcell’s absorption window. The exception is in the blue
(high energy) regime, here, the response is indicative of recombination in the upper layers (the
shoulder from ∼350-475 nm). A more square response (as is observed for the lower junction)
may be obtained by reducing the doping concentration in the top subcell front surface field
and emitter layers. Figure 3.2b shows typical reflectance spectra for a PV device with an anti-
reflection coating, here a silicon dioxide - titanium dioxide double layer ARC. Optical resonance
phenomena are visible in the wave-like patterns at long wavelengths and the peak at short
wavelengths. Also visible is a slight distinction between the samples; those with smaller grid
finger pitches have higher reflectance, naturally, since a greater portion of the surface is covered
by the metallic grid fingers.
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Figure 3.1: A Université de Sherbrooke InGaP/InGaAs 2J solar cell under test at the University of
Ottawa SUNLAB. Micro-probe connection to the solar cell busbars and the test chuck are visible.
Photograph by the author (R.F.H. Hunter).
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Figure 3.2: InGaP/InGaAs 2J solar cell characterization at University of Ottawa SUNLAB. In a,
internal quantum efficiency. In b, (direct) reflectance. Samples with different grid finger pitches
are tested. The data indicates high quality devices and avenues for improvement. Figure adapted
from [24] (©2020, IEEE).

3.2 Drift-diffusion modeling of four-junction solar cells

Scope and impact

This Photovoltaics Specialist Conference 2022 evaluation abstract and oral presentation uses
Synopsys Sentaurus TCAD simulations to determine the gains, material quality limits, chal-
lenges, and design guidelines for implementation of SiGeSn as the third subcell in the In-
GaP/InGaAs/Ge material system. The realistic composition-bandgap space is considered and a
SiGeSn composition which meets the simultaneous requirements of current and lattice match-
ing is selected. Existing calibrated 3J TCAD models are extended to include this SiGeSn with
material parameters informed by literature. The simulated optoelectronic performance of 3J
and 4J devices is compared to ascertain performance gains and limits. An investigation of
device loss mechanisms to extract further design challenges and guidelines is executed.

The following novelties are introduced in this work:

1. Determination of a potential current and lattice matching composition for the emerging
silicon-germanium-tin material: Si0.14Ge0.824Sn0.036 with an indirect bandgap of 0.77 eV,
direct bandgap of 1.05-1.08 eV, and germanium lattice match. Modeling of the SiGeSn
composition within the Sentaurus environment using literature data creating a material
parameter database which is now being used in other SUNLAB projects. Incorporation
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of this material into established Sentaurus projects for the InGaP/InGaAs/Ge 3J material
stack.

2. Determination of potential efficiency gains for the 4J device over the 3J when consid-
ering reasonable material quality (1.3% absolute gain in power conversion efficiency at
1000 suns concentration of the AM1.5D spectrum for SiGeSn with a trap-assisted recom-
bination lifetime of 1 µs and 103 cm/s surface recombination velocities in the device).
Establishment of limits on the material quality for the 4J to retain higher efficiency than
the 3J (trap-assisted recombination lifetimes of 100 ns or greater, with surface recombi-
nation velocities of 5×104 cm/s).

3. Elucidation and discussion on the loss mechanisms and design challenges in the 4J device.
Presentation of possible approaches to curb these losses such as thinning the upper junc-
tions or introducing strain to the SiGeSn layer. Identification of current underproduction
in the bottom subcell as one of the material system’s limiting factors.

These results may inform the development of MJ solar cells; especially those employing
the InGaP/InGaAs/SiGeSn/Ge material system, which aim to extend the InGaP/InGaAs/Ge
material system, or similar material systems.
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Abstract— The ternary alloy silicon germanium tin offers the 

potential to extend the industry standard lattice matched 

InGaP/InGaAs/Ge triple-junction solar cell to four junctions. In 

this work, a discussion of the compositional space for SiGeSn 

shows that Ge-lattice-matched alloys with an indirect bandgap of 

~0.8 eV, and direct bandgap near 1.0 eV, are obtainable with 

current growth methods. Drift-diffusion modelling reveals a 

power conversion efficiency of 42.6% for a simulated 

InGaP/InGaAs/SiGeSn/Ge device, an increase of 1.3% absolute 

with respect to a comparative InGaP/InGaAs/Ge design. It is 

shown that current-matching in the four-junction material system 

requires significant thinning of the top three subcells due to 

inefficient absorption in the Ge bandwidth leaving room for 

improvement to the design. This, and other design guidelines for 

the InGaP/InGaAs/SiGeSn/Ge system, are outlined.  

Keywords—silicon germanium tin, drift-diffusion modelling, 

multijunction solar cells, materials, concentrator photovoltaics 

I. INTRODUCTION 

 Record four-junction (4J) solar cells have achieved 46.0% 

and 45.7% power conversion efficiency for wafer-bonded and 

inverted metamorphic designs, respectively [1]. Yet, interest 

remains in a 4J extension of the industry standard triple-junction 

(3J) solar cell, germanium-lattice-matched (Ge-LM) 

InGaP/InGaAs/Ge. This feat would allow a boost to power 

conversion efficiency while leveraging the maturity of the 3J 

device manufacturing. We present simulation results of a 4J 

solar cell design containing the group-IV ternary alloy silicon 

germanium tin (SiGeSn). The tunable nature of the SiGeSn alloy 

offers the opportunity to obtain simultaneous current and lattice 

matching within the InGaP/InGaAs/Ge structure as a third 

subcell with ~1.0 eV bandgap.  

The bandgap and lattice constant as a function of 
composition for the nascent SiGeSn material system are 
discussed before delving into a detailed analysis of an 
InGaP/InGaAs/SiGeSn/Ge design. Design guidelines for the 
InGaP/InGaAs/SiGeSn/Ge architecture are extracted from this 
simulation and from others detailed in [2]. Material parameters 
are modelled using literature data. Device results are obtained 
via drift-diffusion modelling in Synopsys Sentaurus TCAD. 
Calibrated 3J solar cell models are employed, as in [3]. 

II. SILICON-GERMANIUM-TIN COMPOSITIONAL SPACE 

In the SiGeSn material space, the amount of each element in 
the alloy and the layer strain can be controlled. The careful 
adjustment of these parameters shifts the SiGeSn lattice 

constant, as well as the size of the indirect and direct bandgaps. 
While a discussion of strained SiGeSn alloys was presented in 
[4], our work focuses on designs without strain. 

The band structure of the alloy can be obtained from 
interpolation of the well-studied band structure of pure crystals 
of the individual elements. Deviations from the linear 
interpolation between pairs of components is assumed to be 
quadratic and is quantified using the bowing parameter, b. For 
the SiGeSn material system the largest bowing parameter is 
observed for the SiSn binary. The quadratic bowing parameter 
for SiSn (bSiSn) has been suggested to vary significantly as a 
function of both growth conditions and alloy composition. 
Values of  bSiSn as dissimilar as 13.2 eV for SiSn compositions 
relevant for Ge-LM alloys to 3.26 eV for SiSn with ~50% Sn 
content have been reported [5]. While this composition 
dependent anomalous bowing remains a source of uncertainty 
for the SiGeSn material system in general, it has little effect on 
the bandgap of compositions which are attainable with current 
growth methods. Constrained by the low miscibility of Sn in Ge, 
SiGeSn growth is typically restricted to alloys with Sn content 
in the range of ~8% or less [6].  Importantly, this material space 
includes compositions lattice matched to Ge. 

In Fig. 1, the SiGeSn bandgap (vertical axis) is shown as a 
function of alloy composition for Ge-LM bSiSn of 13.2 eV. In this 
plot, the bowing parameters define the curvature of the trend 
plane [7]. The SiGeSn bandgap is taken as the smallest bandgap 
energy in the band structure. Color denotes the crystal location 
and direct vs. indirect nature associated with the bandgap. The 
composition of the ternary alloy is shown in triangular basis with 
silicon content aligned along the back right axis of the rectilinear 

Fig. 1. Strained SiGeSn bandgap as a function of composition with a bSiSn of 

13.2 eV, the empirical value observed for Ge-LM SiGeSn compositions. 
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figure container. The compositions are shown along the edges 
of the trend plane. A limited extrapolation into potentially 
attainable compositions of SiGeSn is also shown.  

The lattice constant of the SiGeSn, calculable through 
similar interpolation methods (Vegard’s law), can be combined 
with the bandgap vs. composition information. This allows the 
Ge-LM compositional line to be included in Fig 1. An estimate 
of the direct bandgap value while in the indirect regime can be 
obtained from Fig. 1 by extrapolation of the direct Γ plane. 

III. DRIFT-DIFFUSION MODELLING OF 

INGAP/INGAAS/SIGESN/GE MULTIJUNCTION SOLAR CELLS 

One-dimensional and two-dimensional simulations of a 4J 
InGaP/InGaAs/SiGeSn/Ge MJSC are carried out using finite 
element analysis in the Synopsys Sentaurus. Optical 
transmission and absorption are calculated using the transfer 
matrix method. Electrical performance is computed using drift-
diffusion modelling of charge carrier transport.  

A. Model Details 

Fig. 2 shows a schematic of the optimized layer structure for 
the modelled device. A dual layer anti-reflection coating (ARC) 
of MgF2 and TiO2 is employed. The top two subcells use 
standard designs for the emitter, base, front surface field (FSF), 
and back surface field (BSF) layers. The SiGeSn third subcell 
composition is Ge-LM, with 14% Si and 3.64% Sn. As indicated 
in Fig. 1, this corresponds to a primarily indirect bandgap, at 
0.77 eV, at the L point in the crystal. A secondary direct 
transition at the Γ point is present at 1.05-1.08 eV.  An active Ge 
substrate is utilized as the fourth subcell. The tunnel diodes 
included in the device are of standard design: AlGaAs/GaInP 
between the top two junctions, and AlGaAs/GaAs elsewhere. A 
flat gold mirror at the back surface is also used. A 3.6 µm contact 
width and 120 µm grid pitch are included in the 2D simulations 
(not shown in Fig. 2). 

For materials other than SiGeSn, material parameters are 
obtained from literature [3]. For SiGeSn, band structure is 
obtained using the model outlined above, electron effective mass 
is calculated using linear interpolation from the longitudinal and 

Fig. 2. Schematic view of the modelled 4J device. Not to scale. Materials and 
doping for the subcell layers are given along with the base and emitter 

thicknesses. All FSF and BSF layers are 0.30 µm thick with the exception of 

the Ge BSF which is 1.5 µm thick.  

transverse values of the pure elements, band offsets are 
determined using the SiGeSn-specific model of [8], and, 
absorption is calculated using the empirical complex refractive 
index data of [9]. To ascertain the effect of the SiGeSn bulk 
crystal quality on the device performance, a sweep of Shockley-
Read-Hall (SRH) recombination lifetimes is undertaken. 
Surface recombination is considered at the FSF/emitter and 
base/BSF interfaces in all subcells, and at the FSF/ARC 
interface. The device is modelled at 300 K. 

B. Results and Analysis 

Under 1000-sun AM1.5D illumination, the current density 
and electrical power density as functions of voltage are plotted 
in Fig. 3a for the four subcells of the InGaP/InGaAs/SiGeSn/Ge 
device, yielding a full device power conversion efficiency of 
42.6%. This translates to an absolute efficiency gain of 1.3% 
compared to a like-modelled InGaP/InGaAs/Ge 3J design. 
These results employ a surface recombination velocity (SRV) of 
103 cm/s. When the SRV is increased to 5×104 cm/s the 4J 
device efficiency drops to 41.6%, remaining 0.4% greater than 
the like-modelled industry standard 3J. 

 In this device simulation, the layer thicknesses have been 
optimized to produce current matching in all subcells. As Fig. 
3a shows, 1000-sun AM1.5D short-circuit current densities (Jsc) 
vary by 0.40 A/cm2, 3.4% relative to the current-limiting 
subcell's value. Current matching has been achieved by 
significant thinning of the top three subcells to allow enough 
photons to reach the Ge. This can be seen in Fig. 3b, which plots 
the external quantum efficiency (EQE) for subcell current 
generation. With this design, high current generation is obtained 
for a wide bandwidth. The EQE remains near 90% up to ~1.5 
µm, with the EQE minima (due to reflectivity peaks) near 1.0, 
1.1, and 1.3 µm, falling within atmospheric absorption bands. 

 Fig. 3b also shows the percent fraction of the incident photon 
flux which is lost to various physical processes in the device. 
Primary losses are absorption in the ARC, radiative 
recombination localized in the InGaP and InGaAs base layers, 
SRH recombination in the InGaAs base, and Auger 
recombination in the Ge. A SiGeSn SRH lifetime of 1 µs has 
been assumed in these results, requiring a high material quality. 
SiGeSn SRH lifetimes between 10 ns and 100 µs were also 
simulated. For a SiGeSn SRH lifetime of 10 ns, the device’s 
power output and Jsc are reduced by ~20%. However, with a 
SRH lifetime of 100 ns the effect on subcell current generation 
is small (<1%) and since current matching is maintained, full 
device performance is minimally affected with the power 
conversion efficiency falling 1.25% to 41.4%. For a SiGeSn 
SRH lifetime of 100 µs the device power output increases by 
~2%, an effect which is strongly dominated by voltage increase. 
In future designs, empirical data on the SRH lifetime of SiGeSn 
can be used as an input to help fine-tune the layer thicknesses. 

 The FSF and BSF layers in the simulated device have been 
optimized to reduce the minority carrier loss currents and 
improve subcell absorption. Highly doped BSF have been 
employed with minimum possible thicknesses. The reduced 
band splitting and Si-induced valence band shift of SiGeSn has 
been leveraged to implement an improved FSF for the Ge 
subcell. The incident flux fraction plot, Fig. 3b, shows that the 
loss currents have been significantly reduced.
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Fig. 3. a. Simulated current-voltage and power-voltage characteristic of the four subcells in the InGaP/InGaAs/SiGeSn/Ge MJSC, under 1000 suns AM1.5D 

illumination. b. EQE of current generation and loss mechanisms in the 4J device as a function of monochromatic illumination wavelength.

IV. DISCUSSION AND CONCLUSION 

In this design, the difficulty to obtain current matching in the 
InGaP/InGaAs/SiGeSn/Ge material system is exemplified. The 
low absorption, high Auger recombination, and high reflectivity 
peaks in the Ge subcell are the primary limiting mechanisms. 
This necessitates significant thinning of the top three subcells, 
despite utilization of a thick active substrate, a consideration 
which increases device cost and weight. One or several design 
changes may be implemented to overcome this problem and 
boost device performance, including: improved light trapping 
(e.g. nanotextured back reflector); increased bandgaps of the top 
three subcells; replacing the Ge subcell with a strained SiGeSn 
composition with stronger direct bandgap absorption, and 
subcell segmentation [2][10]. One benefit of our proposed 
design is the thin SiGeSn subcell, with a thickness of only 0.86 
µm, lowering the constraints on the growth of the ternary alloy. 

The SiGeSn composition used in the 4J 
InGaP/InGaAs/SiGeSn/Ge device may benefit from the 
incorporation of small amounts of strain. This would allow an 
increase in the indirect bandgap’s size and a reduction in the 
direct bandgap, while maintaining the same SiGeSn 
composition [2][4]. Keeping the indirect bandgap slightly below 
the direct bandgap will allow an enhancement in the absorption 
while minimizing the increase in radiative recombination. In this 
simulated device, doping levels have been chosen during the 
optimization process [2]. It can be noted that the doping levels 
used for the SiGeSn layers have been experimentally 
demonstrated in Ge-LM compositions [6]. 

With III-V species acting as dopants in group-IV materials, 
and vice versa, one of the main challenges of the 
InGaP/InGaAs/SiGeSn/Ge system is the combination of these 
materials in a monolithic stack. Conventionally this has required 
two growth reactors to avoid contamination, however, recent 
work shows that effective metal-organic chemical vapor 
deposition growth of both III-Vs and group-IV semiconductors 
within the same reactor is possible [11]. Despite these advances, 
the inclusion of a III-V compound tunnel diode between the 
group-IV layers, as employed here, is not considered practical 
with current technology. Growth of a suitable junction to use 
between the SiGeSn and Ge subcells has not been demonstrated 
to date and remains a challenge for successful implementation 

of the InGaP/InGaAs/SiGeSn/Ge material system. 

The simulations conducted here have illuminated some of 
the SiGeSn quality requirements and design challenges for an 
effective InGaP/InGaAs/SiGeSn/Ge solar cell. It has been 
shown that a 1.3% absolute gain in power conversion efficiency 
with respect to the industry standard 3J is possible for SiGeSn 
with a SRH lifetime of 1 µs and 103 cm/s SRVs in the device. 
Efficiency gains remain possible for lifetimes of 100 ns or 
greater and with SRVs of 5×104 cm/s. The difficulty to achieve 
current matching in the material system has been highlighted 
and leaves room for improvements to the design.  
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Subcell segmentation and segmented
multi-junction solar cells

This chapter details my studies into the potential of subcell segmentation as a new design
dimension in multi-junction solar cells. I present one computational modeling tool and three
research contributions. Section 4.1 discusses my extensions to the Python mDBL codebase
”Segments”, which is used in Section 4.2 and Section 4.4. In Section 4.2, presented at the
Optical Society of America (OSA) Advanced Photonics Congress 2020, I evidence the potential
of subcell segmentation to alleviate the bandgap restriction of current matching for SiGeSn or
a similar material. In Section 4.3, presented at the Ecolé les Houches international workshop, I
present thickness considerations and optoelectronic performance of InGaP/InGaAs/SiGeSn/Ge
designs with and without minimal subcell segmentation modelled in Synopsys Sentaurus TCAD.
And finally, in Section 4.4, I exhibit the potential of subcell segmentation to allow one and two
subcell solar cells to operate with high power conversion efficiencies at solar concentrations
in the thousands of suns or more. This work demonstrates the disruptive potential of subcell
segmentation as an emerging MJ solar cell design paradigm.

4.1 Segments modified detailed balance limit code

Segments is a Python based mDBL codebase originally developed by Dr. Christopher Valdivia of
the SUNLAB. Detailed balance limit calculations and the Segments mDBL code were introduced
in Subsection 2.4.1. In this section I outline the additional capabilities that I included in
Segments. These fall under two categories: new analysis functionalities and improved accuracy
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in the absorption and thicknesses calculations. Examples of the former are found in the following
sections. Investigation of material systems with only one variant bandgap and of performance
as a function of concentration was not possible prior to my work. I also added code to plot
and analyze higher dimensional (≥3-dimensional) spaces using slices and the open-source plotly
module [171]. I outline consequences of the latter advancements in absorption and thickness
consideration here.

The DBL approach to absorption is to assume that all photons with energy greater than
the bandgap energy are absorbed while all photons with energy less than the bandgap energy
are transmitted. This is not realistic, nonetheless because it entails infinitely thick absorber
layers (see Section 2.1.3). As implemented by Dr. Valdivia, Segments allowed for this full
DBL approach as well as a slightly more realistic approach which allowed the user to define
the fraction of incident photons which would be absorbed and then calculated the segment
thicknesses assuming perfect current-sharing, Beer-Lambert absorption, and generic square-root
extinction coefficient profiles. To improve the accuracy of the absorption, I implemented the
capability to (1) use experimental extinction coefficient data for each material in the device, (2)
set maximum segment thicknesses while maintaining current-sharing, and (3) optimize subcell
segmentation after the absorption has been considered.

Figure 4.1 exemplifies the effects of the added absorption and thickness accuracy on the
performance of a 4-subcell MJ solar cell where the third subcell bandgap is allowed to vary
between 0.75 and 1.25 eV while the other subcell bandgaps are fixed to 1.9, 1.4, and 0.67
eV. This example represents the addition of an approximately 1.0 eV third subcell into the
InGaP/InGaAs/Ge LM material system. Three sets of curves are visible and are labeled α,
β, and γ. The first set (α) use the initial functionality present in Segments, namely, generic
extinction coefficient profiles, and finite but unrealistic thicknesses (up to 500 µm thick layers).
These are given by the dashed and dotted black and blue lines. It also contains curves which
use experimental absorption data but still without reasonable thickness limits, the purple and
teal solid lines. The next set of results (β) show a highly degraded performance. These trends,
the blue, red, and green solid lines, indicate segmented and unsegmented designs which use
realistic absorption profiles as well as more realistic layer thickness limits (≤5 µm). In both of
these first two sets of curves (α and β) the number of segments in each subcell is optimized
prior to consideration of absorption. This was the original implementation in Segments, a
simplistic approach which was acceptable in the idealized absorption case but, as Figure 4.1
shows, was no longer reasonable when more realistic absorption and thicknesses were considered.
Consequently, routines to optimize segmentation after the absorption is accounted for were
written. The third set of curves (γ), the orange and gold solid lines, are these results. These
show segmented designs which have been optimized for optical efficiency (orange) and for full
optoelectronic power conversion efficiency (gold, high computational expense). Taken together
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these results show the importance of considering realistic absorption and layer thicknesses in
the simulation and optimization of segmented MJ solar cells.

Figure 4.1: The effect of adding accuracy into the Segments mDBL codebase. The simulated
performance of four-subcell MJ solar cells with and without subcell segmentation. The devices use
materials with bandgaps of 1.9 eV/1.4 eV/Third/0.67 eV (variant third subcell bandgap). Three sets
of curves, α, β, and γ, with different levels of realism as described in the text are visible. For clarity,
α and γ are separated into subfigures a and b respectively. β is reproduced in both subfigures for
comparison. Simulations are conducted at 1000 suns AM1.5D with maximum segment multiplicities
of 10 segments per subcell.

To note; the unsegmented designs in Figure 4.1 have two variants distinguished by the ”Opt.
Thin” notifier. ”Opt. Thin” designs employ the ”etaOpt” photon sharing algorithm of Letay
and Bett [172] which redistributes current among the subcells in the unsegmented designs
by thinning the upper layers to achieve better current-matching. The etaOpt algorithm has
not been applied to segmented designs to highlight the capability for better current-matching
inherent in subcell segmentation alone. Subcell segmentation is optimized for each bandgap
combination separately (at each x-axis point surveyed) with up to ten segments per subcell. It
is this point-by-point optimization and the lack of etaOpt thinning which produces the sharp
discontinuous nature of the segmented trends.
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4.2 Subcell segmentation for the optimization of a four
subcell multi-junction solar cell

Scope and impact

This presentation and proceeding at the Optical Society of America (OSA) Advanced Photonics
Congress 2020 shows potential benefits of subcell segmentation, especially when considering a
”third-of-four” subcell extension of the InGaP/InGaAs/Ge material system. I use the Segments
mDBL codebase to compare the solar power conversion efficiency of 4-subcell designs with and
without segmentation and as a function of CPV solar concentration factor. I compare designs
where the bandgap of the third subcell material in the InGaP/InGaAs/Third/Ge stack can vary
and show the expansion of high-efficiency in both bandgap and concentration space that is
possible with subcell segmentation.

In this work I introduce the following novelties;

1. First study of subcell segmentation for a ∼1.0 eV third subcell extension to the In-
GaP/InGaAs/Ge system. Extension of the Segments modified detailed balance code.

(a) Subcell segmentation greatly loosens the bandgap requirement of novel 3J extension
materials; segmented designs from across 36% of the 0.75-1.25 eV bandgap space
exceed the peak standard efficiency (with up to 10 segments per subcell at 800 suns
AM1.5D)/

(b) Subcell segmentation allows 4J devices to achieve extreme solar concentration op-
eration.

This work informs future development of segmented MJ solar cells especially those looking
to build-off of the InGaP/InGaAs/Ge material system.

Author contributions

Robert F.H. Hunter: As the lead student on this project I chose, designed, and executed this
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Multijunction solar cells (MJSC) hold the current record for highest solar power conversion efficiency by a wide 

margin. Yet, state-of-the-art designs fall far short of theoretical efficiency limits due to the simultaneous requirements 

of current-matching and lattice-matching. In this work the potential of the powerful design dimension of subcell 

segmentation to overcome this fundamental restriction is applied to designs with four subcells.  

 

Subcell segmentation entails the splitting of MJSC subcells into several absorbing pn-junctions called segments. 

The basic architecture is shown in Fig. 1. The essential benefit of this new design technique is the shift of the current-

limiting feature from the bandgap-dependent subcell to the thickness-dependent segment. This fundamentally 

decouples the lattice-matching and current-matching requirements and opens up vast new regions of practically-

realizable design space to the potential of near-optimal efficiencies [1]. The thinner junctions also offer other benefits 

such as the reduction of series resistance power losses, greater carrier collection, greater voltages, and potential for 

improved radiation hardness. 

 

 
Fig. 1. Illustrative schematic view of solar cell architectures. Basic single-junction solar cell at left, 

conventional 4-junction MJSC at center, and a segmented 4-subcell device at right. Not to scale. 
 

In this work we investigate the impact of segmentation for the optimization of 4-subcell multijunction solar cell 

designs.  The extension of the standard high-efficiency MJSC material system, InGaP/InGaAs/Ge, is a natural choice 

of study due to the well-entrenched nature of the conventional technology. Research into 4-subcell designs using the 

standard stack has so far focused on materials meeting the optimal unsegmented device bandgap of ~1.0 eV [2]. In 

these and other new materials performance losses associated with higher defect densities may be present [3]. We will 

show how for materials with sub-optimal values of bandgap, diffusion length, and absorption coefficient performance 

losses can be mitigated with subcell segmentation. 

 

This analysis is realized using a detailed-balance based computational model to generate idealized theoretical 

performance limits comparing both unsegmented and segmented variants. Current sharing is calculated using the 

current available to a given bandgap material from the spectrum. For unsegmented devices, photon sharing between 
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subcells is applied using the EtaOpt algorithm [3]. For segmented devices, we divide the photocurrent equally across 

all segments of a subcell (controlled via design thickness), and optimize the number of segments in each subcell by 

minimizing the photocurrent differences across all segments in the entire cell. This is calculated in the absence of 

photon sharing between subcells to highlight the benefit of segmentation alone. The number of segments is limited to 

10 or less per subcell in this study. Thicknesses are computed using the absorption coefficient and the requirement 

that 97% of the above-bandgap-photons are absorbed. Experimental absorption coefficient data is considered as well 

as a generic square-root form (fit to GaAs) for energies above the bandgap. 

 

Theoretical performances of 4-subcell designs are compared in Fig. 2. Here, the current-voltage characteristics of 

1 cm2 segmented and standard 4-subcell designs have been modelled under 1000-suns AM1.5D illumination 

(900 kW/m2). A lumped sum series resistance of 15 mΩ·cm2 plus 1 mΩ·cm2 per tunnel diode is included in both the 

segmented and unsegmented designs. The generic square-root form for the absorption coefficient is used. The 

bandgaps of the first, second, and fourth subcells have been set at the typical values of the standard stack: 1.9 eV 

(disordered InGaP), 1.4 eV (InGaAs), and 0.67 (Ge), respectively. The bandgap of the third subcell is allowed to vary 

around the optimal ~1.0 eV point (from 0.75 eV to 1.2 eV in steps of 0.005 eV). 

  

 

 
Fig. 2. (a) The solar power conversion efficiency for standard (unsegmented) and segmented 4-subcell MJSC designs using a disordered 

InGaP top cell, InGaAs second cell, and Ge fourth cell in conjunction with a variant bandgap third subcell. The relative efficiency gain obtained 

with segmentation compared to the unsegmented case is also shown.  
(b) The number of segments in each subcell for the optimized segmented designs presented in Fig 2 (a). 

 

Fig. 2 (a) shows the solar power conversion efficiency for standard and segmented designs as well as the gain in 

efficiency with segmentation relative to standard. With the exception of the standard design’s optimal point, a 

significant efficiency gain is obtained due to segmentation across the investigated design space. Furthermore, an 

efficiency above the maximum unsegmented value (60.6% at Eg3 of 1.03 eV) is obtained with segmentation for 45% 

of the considered third bandgap values. In Fig. 2 (b), the optimized number of segments in each subcell is plotted as 

a function of the third subcell’s bandgap. The well-matched pair of 1.9 eV (disordered InGaP) and 1.4 eV (InGaAs) 

show a perfect overlap of their segment multiplicity curves. The standard optimal ~1.0 eV point exhibits high segment 

multiplicity indicating closely matched currents as expected. The study indicates that aside from a much greater design 

flexibility segmentation can reduce the maximum junction thicknesses to roughly 75% or less of their unsegmented 

values, an important consideration for novel materials which may suffer from short diffusion lengths. 

 

A further discussion of results will be presented. More general conclusions for the extension of the 

InGaP/InGaAs/Ge stack to 4-subcells as well inferences on the wider applicability of the revolutionary new technique 

of subcell segmentation will be made.  
 

[1] C.E. Valdivia and K. Hinzer, “Segmented multi-junction solar cells: A new opportunity for cell design & optimization,” at 46th IEEE 

Photovoltaics Specialist Conference, 2019. 
[2] P. Pearce et al., “Characterization of SiGeSn for use as a 1 eV sub-cell in multi-junction solar cells,” at 7th IEEE WCPEC, 2018. 
[3] M.M. Wilkins et al., “Design of thin InGaAsN(Sb) n-i-p junctions for use in four-junction concentrating photovoltaic devices”, J. Photon. 
Energy, 7(2), 022502, 2017 
[4] G. Létay and A.W. Bett, “EtaOpt – a program for calculating limiting efficiency and optimum bandgap structure for multi-bandgap solar cells 
and TPV cells,” at 17th EUPVSEC, 2001 

Chapter 4

63



Chapter 4

4.3 SiGeSn, subcell segmentation, and Synopsys Sentau-
rus simulations

Scope and impact

This formal international workshop poster contribution compares and contrasts the simulated
performance of InGaP/InGaAs(/SiGeSn)(/Ge) 3J, 4J, 6J, and 7J solar cell designs. I use
a Synopsys Sentaurus TCAD model to simulate designs with and without minimal subcell
segmentation. The Synopsys Sentaurus TCAD model and SiGeSn material parameters and
composition choice are informed from previous studies (Chapter 3). Here, I choose design
variants within the InGaP/InGaAs/SiGeSn/Ge material system with consideration to device
realization. The study outlined below was never formally published, but it is the apex of my
Sentaurus TCAD simulations for SiGeSn solar cell work and is included here for completion.

I present the following novelties in this work;

1. Direct comparison of simulated optoelectronic performance for 4-subcell
InGaP/InGaAs/SiGeSn/Ge solar cell without and with realistic subcell segmentation (the
top two or three subcells segmented into two junctions apiece), including a comparison
to a 3J InGaP/InGaAs/SiGeSn device and the 3J InGaP/InGaAs/Ge baseline.

2. Determination that the 3J InGaP/InGaAs/SiGeSn could potentially perform as well as or
slightly better than the industry standard InGaP/InGaAs/Ge solar cell stack but without
the use of the thick and expensive germanium substrate. The efficiency gain when adding
the active substrate is 1% absolute.

3. Demonstration that segmented designs (2:2:1:1 or 2:2:2:1 top to bottom segment multi-
plicities) have significantly boosted (+70% or greater) open-circuit voltages and greatly
reduced (-40% or greater) SiGeSn junction growth requirements compared to the unseg-
mented 4J variant.

This work is of interest to those developing the InGaP/InGaAs/SiGeSn/Ge material system
or other extensions to the 3J InGaP/InGaAs/Ge multi-junction solar cell standard.

Author contributions

Robert F.H. Hunter: As the lead student on this project I chose, designed, and executed this
study. I used the Synopsys Sentaurus TCAD model developed by Laurier for this pursuit. I was
lead author of the workshop abstract and poster.
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Dr. Christopher E. Valdivia: As a senior research scientist within the University of Ottawa’s
SUNLAB research group, Dr. Valdivia helped to guide my research. He provided detailed
feedback during the analysis of my simulation results and assisted in editing the manuscript.

Laurier S. Baribeau: As a Master’s student at the University of Ottawa’s SUNLAB research
group, Laurier developed the SiGeSn material and optoelectronic device models used in this
study. Laurier finished his Master’s degree without presenting this material.

Prof. Jacob J. Krich: As a professor with the University of Ottawa’s SUNLAB research
group, Prof. Krich provided valuable guidance and leadership to this project. He assisted in
analysis of the results.

Prof. Alexandre W. Walker: As a research officer with the National Research Council
of Canada’s Quantum and Nanotechnologies Research Centre, adjunct University of Ottawa
professor, and my supervisor, Prof. Walker has provided valuable guidance and leadership to
this project and to myself. He assisted in analysis of the results.

Prof. Karin Hinzer: As the director of the University of Ottawa’s SUNLAB research group
and my supervisor, Prof. Hinzer oversaw my research. She provided detailed feedback during
the analysis of my simulation results, and assisted in editing the manuscript.

Copyright

©2023, The Authors.
R.F.H. Hunter, C.E. Valdivia, L.S. Baribeau, J.J. Krich, Alex W. Walker, K. Hinzer, ”Subcell
Segmentation: Development and evaluation of next-generation, high-efficiency photovoltaic
devices for the renewable energy transition and industry 4.0,” École de Physique des Houches
Physics of Solar Cells Workshop, April 3-8, 2022. Poster.

Research

The École les Houches poster covered general studies in subcell segmentation (such as Sec-
tion 4.2 and Section 4.4), this study on subcell segmentation and SiGeSn, and outlined the
AIIR-Power project on PPCs (Chapter 5). The other results from this poster are covered
elsewhere in this thesis.

Figure 4.2 features the simulated current density-voltage (JV) characteristic (b) of the
different solar cell designs in this study (schematically shown in (a)). High quality JV curves
are observed with strong fill factors. A clear shift from higher currents (taller JV) to higher
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voltages (wider JV) is present for the segmented devices. The simulation is at 1000 suns
AM1.5D.

Figure 4.2: Current density-voltage curve of 3J, 4J, 6J, and 7J InGaP/InGaAs(/SiGeSn)(/Ge) solar
cells with and without subcell segmentation. Curve data matches Figure 4.3. In (a), schematic
representation of the test variants. In (b), current-voltage curves simulated with Sentaurus TCAD. A
solar concentration of 1000 suns is used.

Figure 4.3: Segment multiplicities, thickness considerations, and current-voltage curve parameters
for the different test variants. The corresponding JV curves are provided in Figure 4.2.

Figure 4.3 summarizes the JV curve parameters for each variant and correlates them with
brief notes on thickness differences in the bottom two subcells. It shows that high efficiency
is possible for all tested variants. These include designs with allowances for inactive substrates
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and a 75% decrease in the required thickness of SiGeSn. The table also quantifies the current
to voltage power shift of subcell segmentation.

4.4 Unlocking the potential for extreme solar concentra-
tion via subcell segmentation

Scope and impact

This conference presentation and proceeding from the 2022 International Conference on Con-
centrator Photovoltaic Systems offers subcell segmentation as a potential pathway to high-
efficiency operation at extreme (1000+ suns) CPV solar concentrations for one and two subcell
devices. I employ Segments mDBL calculations to compare one and two-subcell devices with
and without segmentation as a function of illumination concentration. Varying the AM1.5D
illumination spectrum between a single sun and the geometric limit of 45,600 suns solar con-
centration. I investigate the simulated efficiencies for fixed, optimized, and variable material
bandgaps and study the effect of controlled junction multiplicities in the segmented designs.

I present the following novelties in this work;

1. Presentation of the potential for high-efficiency one- and two-subcell solar cell operation
at extreme concentrations in the high hundreds, thousands, and even tens of thousands
of suns. This potential is demonstrated for;

(a) The per-concentration optimized and standard InGaP (1.7 eV)/InGaAs (1.1 eV)
bandgap values.

(b) As a function of maximum segments per subcell; here, the efficiency peak shifts
from the high hundreds of suns solar concentration at segment multiplicities of ≤5
to tens of thousands at segment multiplicities of ≤15 (total junctions; ≤30). Gains
of a few percent efficiency absolute are obtained as the peak shifts to thousands of
suns illumination.

(c) One-subcell optimized bandgap designs.

2. Demonstration of an expansion in the high-efficiency bandgap space across all concen-
trations. This evolution is tracked and it is shown that, even at the unsegmented peak
concentration factor of 200 suns, the number of high-efficiency (≥45%) designs doubles
with segmentation. This advantage only grows at higher concentrations, at 2000 suns,
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60% of the 2-subcell bandgap space can achieve theoretical efficiencies of 45% or higher
with 15% of that achieving 50% efficiency or higher. At 2000 suns, unsegmented two-
subcell solar cells have begun to succumb to series resistance losses, the peak efficiency
is 40% and dropping.

These results show the theoretical feasibility of extreme CPV solar concentration operation
from a cell perspective. While there are challenges; material systems which can handle high
subcell segmentation, unavailability of high-bandgap tunnel diode recipes, optics which operate
at 1000s of suns, module thermal management which does the same, etc., these proof-of-
concept results may serve for those with an interest in extreme CPV solar concentrations.

Author contributions

Robert F.H. Hunter: As the lead student on this project I chose, designed, and executed this
study. I use the Segments mDBL solar cell model which I extended for this work. I was lead
author of the CPV-17 conference abstract, presentation, and proceeding.

Dr. Christopher E. Valdivia: As a senior research scientist within the University of Ottawa’s
SUNLAB research group, Dr. Valdivia helped to guide my research. He provided detailed
feedback during the analysis of my simulation results and assisted in editing the manuscript.
Dr. Valdivia is the original developer of Segments.

Laurier S. Baribeau: As a Master’s student at the University of Ottawa’s SUNLAB research
group, Laurier provided detailed feedback on simulation results and on the manuscript.

Prof. Karin Hinzer: As the director of the University of Ottawa’s SUNLAB research group
and my supervisor, Prof. Hinzer oversaw my research. She provided detailed feedback during
the analysis of my simulation results, and assisted in editing the manuscript.

Copyright

©2022, AIP Publishing. The Version of Record is available at:
R.F.H. Hunter, C.E. Valdivia, L.S. Baribeau, K. Hinzer, ”Unlocking the potential for extreme
solar concentration via subcell segmentation,” 17th International Conference on Concentrator
Photovoltaic Systems (CPV-17), April 12-14, 2022. Oral presentation. Proceeding; doi: 10.

1063/5.0099470
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Abstract. Under extreme solar concentrations, series resistance is a primary solar power loss mechanism for concentrator 

photovoltaic modules. In this paper, a detailed balance based approach demonstrates the mitigation of these losses by the 

application of subcell segmentation, a current matching architecture which divides each subcell into multiple pn junctions.  By 

increasing the number of series-connected junctions, power extraction shifts from high current to high voltage, thus shifting 

theoretical efficiency peaks from hundreds to thousands of suns. Simultaneously, the high-efficiency bandgap design space 

expands across all concentrations by leveraging the current matching potential of subcell segmentation. 

INTRODUCTION 

Operation of concentrating photovoltaic (CPV) systems at extreme solar concentrations exceeding 1000 suns offers one 

of the most promising routes to attain cost-competitive systems based on multijunction solar cells (MJSC) [1,2]. Balance-of-

system costs benefit from the reduced cell areas as well as boosted cell performance. At these very high concentrations, 

system performance is limited by the accumulation of series resistance losses which scale as the square of the cell current. 

One approach to mitigate series resistance losses in a series-connected architecture is by splitting the absorption over more 

pn junctions, as in MJSC designs with more subcells. This can reduce device current by a factor roughly proportional to the 

number of junctions while compensatingly increasing device voltage. I2R losses are decreased while high-efficiency power 

collection is maintained as the device operation shifts to higher output voltages.  

Increasing the number of junctions is a design strategy that has been used by a number of groups over the last two 

decades. The primary application has been the splitting of specific subcells in MJSC and silicon tandem solar cells to obtain 

higher efficiency by reducing current mismatch losses [3-9]. It has also been used to improve the carrier collection in 

organic photovoltaic cells [10]. A greater number of junctions is also beneficial for power conversion of narrow wavelength 

light. The vertically stacked photonic power converter (PPC) is a multijunction structure of single absorbing material 

achieving up to >65% monochromatic conversion efficiency and 35 V output voltage from a 30 junction device [11].  

Subcell segmentation is the generalization of these approaches. It is a technique for systematically increasing the number 

of junctions in a MJSC device [12-16]. In this architecture, each subcell of a MJSC is segmented into multiple tunnel-diode-

connected pn junctions called segments. Fig. 1a shows a simplified schematic of a segmented multijunction solar cell 

device. All segments in a given subcell are composed of the same material (denoted by color in Fig. 1). Each segment 

contains the emitter, base, front surface field, and back surface field layers. 

The number and thicknesses of the segments in each subcell become powerful new design dimensions that can be tuned 

to obtain desired performance for a given application. Subcell segmentation may benefit applications requiring low current 

densities, high voltage output [11], improved radiation resistance, improved performance under non-uniform illumination 

[17], or which use materials with short diffusion lengths [10]. Subcell segmentation can also be used to satisfy current 

matching and leads to a large expansion in the volume of bandgap space that can yield near-ideal efficiencies. In the 

segmented MJSC, the number and thickness of the segments becomes the primary control for device current since current 

matching occurs at the segment level. This loosens the constraints on material systems as bandgap energies play a secondary 

role in current matching.  
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In this work a detailed balance based comparative analysis of unsegmented and segmented designs is undertaken. The 

ability to unlock high theoretical performance at extreme solar concentration operation exceeding 1000 suns is highlighted. 

The expansion of high-efficiency bandgap space as a function of concentration is also presented. 

DETAILED BALANCE BASED COMPUTATIONAL MODEL 

An extended detailed balance based computational model has been developed to investigate and compare unsegmented 

and segmented multijunction solar cell designs.  

We consider 1-cm2 sized solar cells composed of series-connected segments, each modelled as a single diode with 

ideality factor of one and a unity internal quantum efficiency. The reverse saturation currents are calculated at the radiative 

limit, at room temperature. A lumped sum series resistance penalty with magnitude typical of MJSC optimized for high-

concentration is applied (15 mΩ·cm2 plus 1 mΩ·cm2 per tunnel diode), as well as a small shunting effect (107 Ω·cm2). 

Cells are illuminated by an AM1.5D input spectrum (900 W/m2) with a uniform beam profile. The unsegmented devices 

collect and share photons following the etaOpt optical thinning algorithm [18]. The segmented devices are designed to 

collect 99% of available photons within the total absorber thickness of each subcell and have no optical thinning 

optimization applied to emphasize the current matching ability of segmentation alone. The subcell’s total absorber thickness 

is divided to equally split the available photo-current, up to a maximum number of segments per subcell allowed. The 

number of segments is optimized for full cell conversion efficiency. 

This idealistic model excludes several factors that would impact the performance of realistic devices, including several 

penalties and benefits that arise from increasing the number of junctions. This model does not include the shading losses 

associated with gridline surface coverage, nor internal or external reflections from layer interfaces. Parasitic absorption 

could increase due to the addition of auxiliary layers (front and rear surface fields) and could be especially important for 

tunnel diodes within the top subcell, for which novel high-transparency wide-bandgap diodes may be required. Fortunately, 

the reduced current densities obtained with subcell segmentation relax the requirements for high peak tunneling current and 

high conductivity in comparison to standard unsegmented designs. Segmentation also splits the total absorber thickness of 

each subcell into multiple thinner segments which each have the potential to produce logarithmically larger voltages, and to 

offer improved carrier collection especially for materials and designs that conventionally would be diffusion limited. The 

larger number of junctions allows a greater opportunity for luminescent coupling to redistribute excess current to reduce or 

eliminate current mismatch, as demonstrated previously for highly segmented vertically stacked PPCs [19]. For segmented 

solar cells, this will lead to greater robustness under nonideal bandgaps, temperature change, and spectral variation [14]. 

UNLOCKING EXTREME CONCENTRATIONS 

With subcell segmentation, a variable number of junctions leads to a tunable cell current and voltage. This advantage is 

employed in the segmented MJSC to allow access to high theoretical performance at extreme concentrations above 1000 

suns. This is shown for two-subcell designs with varying segmentation in Fig. 1 and Fig. 2, and one-subcell designs with up 

to a maximum of 30 junctions in Fig. 3. 

  

(a) (b) 

FIGURE 1. (a) Schematic illustration of a two-subcell segmented multijunction solar cell. Each segment contains an emitter, base, and 

front and back surface field layers. Not to scale. (b) Solar power conversion efficiencies as a function of concentration for unsegmented 

(blue) and segmented (red) two-subcell designs. Solid lines denote bandgap combinations optimized at each concentration. Dashed lines 

denote designs with subcell bandgaps fixed at 1.7 and 1.1 eV. 

Two subcell 
Max ten segments/subcell 
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In Fig. 1b the solar power conversion efficiency (PCE) as a function of concentration factor has been plotted for two-

subcell designs. The dashed blue line depicts the simplest case: an unsegmented device with fixed subcell bandgaps. The 

values of the record two-subcell device, 1.7 and 1.1 eV, are used [20]. The solid blue line depicts designs with efficiency 

optimized bandgaps within the ranges of 1.0 to 2.2 eV and 0.5 to 1.7 eV for the top and bottom subcell respectively. A step 

size of 0.05 eV is used. The bandgap combination is optimized at each concentration. At concentrations below 1000 suns, 

optimization leads to smaller bandgaps than 1.7 and 1.1 eV. Above 1000 suns, the optimized bandgaps climb to the upper 

bounds of the bandgap space investigated to reduce the I2R electrical power losses by extracting fewer carriers but at higher 

voltage, a trend which is visible in the comparison between Fig. 4a and Fig. 4c. 

The red curves of Fig. 1b show the efficiency of the corresponding segmented MJSC, with a maximum of ten segments 

per subcell. For the solid red line, bandgaps and segmentation are optimized simultaneously at each concentration. Fig. 1b 

shows the potential to unlock high-efficiency operation at concentrations above 1000 suns that subcell segmentation offers. 

For the 1.7 and 1.1 eV, devices the peak efficiency increased from 200 to 7000 suns after subcell segmentation. For the 

optimized bandgap devices, the peak efficiency increased from 100 suns up to 5000 suns with segmentation.  An increase in 

the peak efficiency on the order of 2% absolute is also obtained in both cases. The sharp efficiency drop-offs in the 

unsegmented blue curves have been pushed to concentrations exceeding 10,000 suns due to the reduction in I2R electrical 

power losses. Under these conditions, segmentation became beneficial at ~70 suns (see Fig. 2b). Beyond this, the 

segmentation advantage increased until saturation at ~10,000 suns when the maximum segmentation of ten segments per 

subcell was reached. High theoretical efficiencies up to full concentration for PV application (46,200 suns) are maintained 

in the segmented MJSC.  

The series resistance losses can be mitigated further if a greater number of junctions is allowed. In Fig. 2a the efficiency 

versus concentration is plotted for two-subcell optimized designs but with a variant maximum number of segments per 

subcell. The unsegmented design being the special case of maximum one segment per subcell. Fig. 2b shows the total 

number of segments for each device. As segmentation is allowed to increase, the location of the theoretical peak efficiency 

can be pushed to higher concentrations. For devices with up to a total of 30 junctions, a number which has already been 

realized in state-of-the-art photonic power converters [11], the peak efficiency reaches 10,000 suns. For devices with up to a 

total of 40 junctions the peak efficiency reaches 20,000 suns and is achieved by a device with 35 junctions. 

 

 

 

   

(a)     (b)  

FIGURE 2. (a) Solar power conversion efficiencies as a function of concentration for two-subcell designs with optimized bandgap 

combinations. Unsegmented designs shown in blue and segmented designs with an increasing number of maximum segments per subcell 

shown in progressively darker red. (b) The total number of segments in each design. 

 

Subcell segmentation can be applied to devices with any number of subcells. Fig. 3a shows the efficiency variation with 

concentration for one-subcell (single absorbing material) devices. This is an identical architecture to the vertically stacked 

photonic power converter [11] but optimized for the solar spectrum rather than a narrow wavelength source.  Here, the 

bandgaps are optimized at each concentration within the bandgap space of 0.5 to 2.2 eV in 0.05 eV steps. A maximum of 30 

segments is allowed. The same ability to unlock extreme concentrations is observed, with the peak efficiency shifting from 

50 to 10000 suns. Similar analysis has been performed previously for three- and four-subcell devices [12]. 

Fig. 3b shows the number of subcells in the optimized one-subcell designs. Segmentation becomes advantageous above 

30 suns for the simulated devices. The number of junctions increases quickly in the hundreds and thousands of suns before 

saturating at ~10,000 suns at the maximum of 30 segments. 
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(a)     (b) 

FIGURE 3. (a) Solar power conversion efficiencies as a function of concentration for unsegmented (blue) and segmented (red) one-

subcell designs. Bandgap combinations are optimized at each concentration. (b) The number of segments in each design.  

 

In the above studies, the cell resistance was fixed to 15 mΩ·cm2 plus 1 mΩ·cm2 per tunnel diode and shading losses 

were not considered. This is a simplified illustrative scenario. In a realistic device, the grid pattern would be optimized to 

determine the best trade-off between shading and resistive losses for each concentration and design

(bandgaps, segmentation). As solar concentration is increased, cell performance becomes more sensitive to changes in the 

resistance through the I2R electrical power loss. The increased current density requires greater grid coverage [2]. This 

results in a lower series resistance but increases the shading losses. The reduced currents that subcell segmentation brings 

allow a reduction in grid coverage and the associated shading losses. At extreme concentrations this effect will be amplified. 

While thermal variation was not considered in these simulations (fixed cell temperature of 25ºC), a secondary benefit for 

resistive thermal effects is also expected. The lower current in segmented devices leads to lower thermal loads via a 

reduction in current-induced Joule heating, enabling higher efficiencies or less need for cooling. 

EXPANDING HIGH-EFFICIENCY BANDGAP SPACE 

By shifting current matching from the design of the subcell to the design of the segment, subcell segmentation boasts a 

prodigious potential for increasing the number of bandgap combinations that could achieve near-ideal performance [12]. 

This expansion of high-efficiency bandgap space is visualized in Fig. 4 and Fig. 5. Two-subcell designs with a maximum of 

ten segments per subcell are considered 

In the top row of Fig. 4 the solar PCE at 200 suns concentration for (a) unsegmented and (b) segmented designs is 

plotted over the investigated bandgap space. The black points and white stars give the optimal and 1.7/1.1 eV bandgap 

combinations and associated efficiencies. An identical color scale in the two plots illuminates the differences in the shape of 

the power conversion efficiency trends. The unsegmented designs feature a sharp angular climb which is softened by the 

optical thinning for like-valued bandgap combinations. More resemblant of a plateau, the current matching freedom of 

segmentation leads to a wider high-efficiency landscape of similar or greater height compared to the peak of the 

unsegmented trend. Further widening of the high-efficiency plateau is possible if optical thinning is considered or if the 

segmentation is increased. 

The 200 suns condition is a best case scenario for the unsegmented designs, corresponding to the point right before 

series resistance losses begin to dominate. In contrast, the bottom row of Fig. 4 shows the corresponding plots for 5000 suns 

concentration, well beyond the conventional operational limit of unsegmented MJSCs. The color scale is retained and shows 

immediately that the advantages of segmentation have increased with concentration. The shift of the unsegmented peak’s 

bandgap combination with concentration is visible, moving from 1.55/0.95 eV at 200 suns to 2.00/1.55 eV at 5000 suns. 

The optimal segmented bandgaps vary up to 0.15 eV but with no distinguished concentration trend. 

In Fig. 5 the shape of the high-efficiency region is investigated as a function of solar concentration. The fraction of  

bandgap space exceeding power conversion efficiency thresholds of 20% to 50%, in steps of 5%, is plotted for (a) 

unsegmented and (b) segmented designs. In both cases, the high-efficiency bandgap space expands with concentration 

factor and is widest at the optimal concentration. At 200 suns, the unsegmented design’s peak, 0.40 of the unsegmented 

design space exceeds 40% power conversion efficiency. This fraction is nearly doubled, to 0.78, with subcell segmentation. 

At 5000 suns, the maximum efficiency for unsegmented designs is 29%, meanwhile 0.83 of the segmented bandgap space 

exceeds 40% efficiency and 0.15 exceeds 50% power conversion efficiency. 
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FIGURE 4. Solar power conversion efficiency as a function of bandgap combination for two-subcell designs. Unsegmented MJSC with  

optical thinning are shown in the left column. Segmented MJSC with a maximum of ten segments per subcell in the right. The top row 

shows performance at a 200 suns AM1.5D. The bottom row shows performance at 5000 suns. Black dots show the peak efficiency in the 

bandgap space while white stars signify the bandgap combination of 1.7 and 1.1 eV. 

 

 

 

   

(a) (b)  

FIGURE 5. High-efficiency bandgap space visualized using absolute solar power conversion efficiency thresholds. Fraction of bandgap 

space exceeding threshold is plotted as a function of concentration. (a) Unsegmented MJSC with etaOpt optical thinning. (b) Segmented 

MJSC with efficiency optimized segmentation and a maximum of ten segments per subcell. 
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DISCUSSION AND CONCLUSIONS 

An important challenge for the adoption of subcell segmentation is a present lack of wide bandgap tunnel diodes with 

simultaneous high transparency and low resistance for use within the top subcell. However, for the tunnel diodes lower in 

the epitaxial stack, established materials and designs have been exemplified in PPC devices with up to 30 junctions [11]. 

In this work detailed balance based calculations have demonstrated the potential to operate CPV cells at extreme 

concentrations far above 1000 suns using subcell segmentation. Its larger and variant number of junctions increases the 

maximum efficiency (+2.0% abs.), increases the concentration yielding the peak efficiency (shifts from 200 to 5000 suns), 

and expands the high-efficiency volume of the bandgap space (doubling even for the optimal 200-suns concentration of the 

unsegmented design). These advantages offer a pathway to the development of new applications and new materials for 

concentrator photovoltaic systems, with a potential for cost-competitive integration into the mainstream power generation 

market under extreme concentrations [1,2]. As the III-V manufacturing and material technology continues to mature, 

subcell segmentation can become an increasingly powerful tool for high efficiency multijunction solar cell design. 
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Chapter 5

Multi-junction photonic power
converters

In this chapter I highlight my contributions to the AI-enhanced design of photonic power con-
verters (PPCs) an innovation which is motivated by the highly complex and correlated design
spaces of MJ PPCs. In Section 5.1, I describe the international collaboration, AIIR-Power, that
achieved this feat and my place within it. In Section 5.2, I introduce ”aiirmap”, an AI/ML-
enhanced python-based simulation environment that I designed and built for AIIR-Power but
which has more general utility, as will be shown. Finally, in Section 5.3, I present work which is
currently under peer review with Scientific Reports. Therein I compare and contrast standard
Beer-Lambert 10J 1550 nm PPC designs and those optimized with and without ML enhance-
ment. I show how machine learning can be a powerful tool for MJ PPC design: simultaneously
helping us to understand the design landscape while providing significant optimization acceler-
ation. This work indicates the beginnings of a paradigm shift towards ML-enhanced design of
active optoelectronic devices such as MJ PPCs.

5.1 AIIR-Power: Record setting photonic power converter
design

AIIR-Power is a Canadian-German collaboration between the University of Ottawa, the National
Research Council of Canada, Optiwave Systems Inc. (Ottawa), Broadcom Canada, AIXTRON
SE (Germany), and the Fraunhofer Institute for Solar Energy Research (Germany). The full
project name is descriptive and apt; Artificial Intelligence Enhanced Design and Manufacturing
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of Infrared Photonic Power Converters for Power and Telecom [173, 174]. The University of
Ottawa involvement was on the AI-enhanced design side of the project. This involved developing
a calibrated optoelectronic device model [51,175], with luminescent coupling [92,98,99], which
can be implemented within an AI-capable environment [46, 48–50]. My work focused on the
third of these tasks. Clear overlap exists between the three tasks and I am grateful to my
fellow developers, Drs. Gavin Forcade and Paige Wilson, for their contributions and expertise.
The achievements of AIIR-Power have been disseminated in seven conference contributions and
two journal papers so far and include the achievement of record PPC efficiency at 1445 nm
illumination wavelength [51].

Journal papers;

G.P. Forcade, D.P. Wilson, M.N Beattie, H. Helmers, R.F.H. Hunter, O. Hohn, LP. St-
Arnaud, C.E. Valdivia, D. Lackner, A.W. Walker, J.J. Krich, and K. Hinzer, “Multi-junction laser
power converters exceeding 50% efficiency in the short wavelength infrared”, Cell Reports Phys-
ical Science, 6(6):102610. May 2025. https://doi.org/10.1016/j.xcrp.2025.102610

[51]

*R.F.H. Hunter, G.P. Forcade, Y. Grinberg, D.P. Wilson, M.N. Beattie, C.E. Valdivia, M. de
Lafontaine, L.-P. St-Arnaud, H. Helmers, O. Höhn, D. Lackner, C. Pellegrino, J.J. Krich, A.W.
Walker, K. Hinzer, ”Machine learning enhanced design optimization and knowledge discovery for
multi-junction photonic power converters”, Scientific Reports. In peer-review. July 2025. [46]

*This journal paper is discussed in Section 5.3 below.

Conference contributions;

G.P. Forcade, M.N. Beattie, C.E. Valdivia, H. Helmers, O. Hohn, P. Wilson, L-P. St-
Arnaud, R.F.H. Hunter, D. Lackner, J.J. Krich, A.W. Walker, and K. Hinzer, “High-Performance
Multi-Junction C-Band Photonic Power Converters: Calibrated Optoelectronic Model for Next
Generation Designs”, 50th IEEE Photovoltaic Specialists Conference (PVSC), San Juan, Puerto
Rico, 2023. [Oral, Best student finalist] [175]

P. Wilson, G.P. Forcade, R.F.H. Hunter, M.N. Beattie, A.W. Walker, Y. Grinberg, H.
Helmers, O. Hohn, D. Lackner, J.J. Krich, K. Hinzer, “Quantifying the luminescent coupling
process in C-band multi-junction photonic power converters”, Photonics West, San Fransisco,
USA, 2024. [Oral] [98]

**R.F.H. Hunter, G.P. Forcade, Y. Grinberg, D.P. Wilson, M.N. Beattie, C.E. Valdivia, M.
de Lafontaine, L.-P. St-Arnaud, H. Helmers, O. Höhn, D. Lackner, C. Pellegrino, J.J. Krich,
A.W. Walker, K. Hinzer, ”Using machine learning to optimize multi-junction photonic power
converters”, SPIE OPTO 2024, San Francisco, California, United States, 2024. [Oral] [47]
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**K. Hinzer, R.F.H. Hunter, D.P. Wilson, G.P. Forcade, M.N. Beattie, C.E. Valdivia, O.
Hohn, L-P. St-Arnaud, C. Pellegrino, D. Lackner, Y. Grinberg, J.J. Krich, A.W. Walker, H.
Helmers, “Multi-junction photonic power converters: AI enhanced design optimization”, 52nd
IEEE Photovoltaic Specialists Conference (PVSC), Seattle, USA, 2024. [Poster] [48]

**K. Hinzer, R.F.H. Hunter, D.P. Wilson, G.P. Forcade, M.N. Beattie, C.E. Valdivia,
O.Hohn, L-P.St-Arnaud, D. Lackner, Y. Grinberg, M. de Lafontaine, C. Pellegrino, J.J. Krich,
A.W. Walker, H. Helmers, “C-band Multi-Junction Photonic Power Converters: AI Techniques
for Optimized Designs and Role of Luminescent Coupling”, 6th Optical Wireless and Fiber
Power Transmission Conference (OWPT), Japan, 2024. [Invited talk] [49]

**Y. Grinberg, D.-X. Xu, M.Al-Digeil, D. Melati, R.F.H. Hunter, A.W. Walker, G.P. For-
cade, J.J. Krich, K. Hinzer, M.M. Masnad, O. Liboiron-Ladoceur, P. Cheben, J.H. Schid, and
S. Janz, “Dimensionality Reduction in Photonics Design – New Methods and Applications”,
Photonics North 2024, Vancouver, Canada, 2024. [Invited talk] [50]

P. Wilson, G.P. Forcade, R.F.H. Hunter, A.W. Walker, Y. Grinberg, J.J. Krich, and K.
Hinzer, ”Impact of Luminescent Coupling on Multijunction InGaAs Photonic Power Converters
under Current Mismatched Conditions in the C-Band”, Photonics North 2025, Ottawa, Canada,
2025. [Oral] [99]

**These conference presentations specifically feature my work (as outlined in the sections
below).

5.2 aiirmap: Python based framework for machine learn-
ing enhanced photonic device design

My central contribution to the AIIR-Power project was inception and creation of the computa-
tional framework which combines ML techniques with the predictive device model. I call this
Python based framework ”aiirmap”. I previously introduced the predictive simulation model,
written in Synopsys Sentaurus TCAD, in Subsection 2.4.2. Likewise, I introduced basic ML
concepts in Subsection 2.4.3. In this section I outline the basic functionality and features of
aiirmap. The aiirmap user’s manual is provided in A.

The aiirmap framework features high-throughput batch run, optimization, databasing, and
ML capabilities which can be combined with any simulation software which can interact with
Python. For AIIR-Power I have included Synopsys Sentaurus TCAD interfaces and the principal
component analysis dimensionality reduction algorithm. In aiirmap I consciously chose to employ
the Python coding language and standard Python modules such as pandas for databasing
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[176, 177] and scikit-learn for optimization and ML [178] to improve it’s adoptability. aiirmap
is organized in such a way that implementation of new ML algorithms and simulation software
interfaces is as easy as possible. Users need only to define new subclasses of existing classes
which are already incorporated into the central codebase functionality. aiirmap is offered as an
open-source software [179]. It features nearly 29,000 lines of commented code.

ML is a tool, to leverage it properly aiirmap is highly customizable and versatile. Datasets
are substantiated as databases which use pandas DataFrames at their core, with each row of
the DataFrame indicating a different design and each column recording the input and output
variables. Databases are easily generated, sent to and collected from Sentaurus, manipulated
(cleaned, split, combined, thresholded, etc.), subjected to dimensionality reduction, and ana-
lyzed using user-defined Python run files. Databases and dimensionality reduction instances
are saved for later use with comma separated value files and pickle compressed binary format
respectively.

aiirmap interacts with Synopsys Sentaurus TCAD in two ways: collection of results and batch
run control. Collection of results is instantiated in the Sentaurus project using the Python tool.
The collector script directly records input parameter values and Sentaurus workbench node
numbers for each experiment during preprocessing (see Figure 2.14). Due to the Sentaurus
code flow (Figure 2.14), output variable values are collected from the Sentaurus gvars.dat file.
This occurs when the project run is finished or when requested by aiirmap. It is at this point that
they are matched with the input parameters and saved to an aiirmap database. The aiirmap
Sentaurus collection protocol allows for use of the Sentaurus gopt optimization tool [180] which
creates child projects for the optimization of each design. These are tracked and linked to their
parent algorithmically in the collection code. The Sentaurus batch run control is instantiated
through protocols which directly write the Sentaurus project’s gtree.dat file which codifies the
state of the Sentaurus workbench [162]. aiirmap runs an automatic procedure which takes
an input database, splits it into easy to handle subset databases, which it runs sequentially,
collecting and collating the results as it goes. This functionality was integral to running large
datasets since the Synopsys Sentaurus workbench suffers memory issues if more than a few tens
of experiments are run at any one time. This high-throughput batch run capability allowed the
computation and analysis of over 345,000 MJ PPCs designs and 72 instances of dimensionality
reduction over the course of my AIIR-Power work.

The general applicability of the aiirmap framework has already been demonstrated. aiirmap
was adopted by fellow SUNLAB researchers for studies outside the scope of AIIR-Power. Specif-
ically, Prof. Mathieu de Lafontaine has used aiirmap to run particle swarm optimizations of
betavoltaic devices simulated using multiple software (Monte Carlo simulation of beta particle
energy deposition, custom ionization radiation to carrier conversion, and Synopsys Sentaurus
TCAD simulation of carrier drift-diffusion in the device). More information can be found in the
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research contributions listed below [181–183].

M. de Lafontaine, R.F.H. Hunter, G.P. Forcade, J.P.D. Cook, D. Drouin, J.J. Krich, K.
Hinzer, “p-i-n Betavoltaic Cells under 63Ni Irradiation: Quantifying Carrier Collection and
Power Output”, 52nd IEEE Photovoltaic Specialists Conference (PVSC), Seattle, USA, 2024.
[Oral] [181]

M. de Lafontaine, R.F.H. Hunter, G.P. Forcade, J.P.D. Cook, J. Patel, B. Ellis, H. Fritzsche,
K. Hinzer, ”Optimizing Tritium Powered GaAs p-i-n and p-n Betavoltaic Cells”, 14th Interna-
tional Conference on Tritium Science and Technology, Ottawa, Canada, 2025. [Oral] [182]

M. de Lafontaine, C. Succar, R.F.H. Hunter, G.P. Forcade, J.P.D. Cook, J. Patel, B. Ellis, H.
Fritzsche, J.J. Krich, K. Hinzer, ”Figures of merit to quantify carrier collection in betavoltaics:
Gain and gain efficiency,” Cell Reports Physical Science. In print. July 2025. [183]

5.3 Machine learning enhanced design and knowledge dis-
covery for multi-junction photonic power converters

Scope and impact

This first-author journal article currently in the late stages of peer-review with Scientific Reports
demonstrates the multidimensional utility of a dimensionality reduction enhanced MJ PPC
design optimization compared to classical optimization and conventional design approaches. I
use calibrated Synopsys Sentaurus TCAD device models, embedded within the AI/ML-enhanced
Python environment aiirmap, to investigate 10J 1550 nm PPC on-substrate designs. I conduct
tens of thousands of optical optimizations and compare the optimal designs for datasets which
include dimensionality reduction enhancement to those which did not. I analyze the reduced
dimensional subspace construction for physical phenomenology in the design space. I contrast
the simulated optoelectronic performance of the ML-enhanced optima, to classically obtained
optima, and to the industry standard approach.

In this work I introduce the following novelties;

1. First-ever application of dimensionality reduction to the design of active III-V optoelec-
tronic devices. Development of a novel simulation environment, aiirmap, with an inte-
grated calibrated device model and machine learning (ML) capabilities.

2. Demonstration that the ML-enhanced method accelerates the design optimization of
the MJ PPCs. It produces a much greater number of designs which attain the highest
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optical performance, which have greater layer thickness variability, and which have a lower
computational cost than those found using classical optimization algorithms alone.

3. Demonstration of the potential for knowledge discovery inherent in the ML-enhanced
method by showing that the reduced dimensional subspace construction encodes funda-
mental physics in the design space.

4. Determination that the conventional design approach to MJ PPC design (Beer-Lambert
law absorber thicknesses with optimized anti-reflection coatings (ARCs)) is sufficient for
the on-substrate 10J 1550 nm PPCs in this work. It achieves comparable optoelectronic
performance to the top designs from the ML and classical optimizations.

In general, this work informs the future paradigms of optoelectronic device design. With
high-versatility, high-interpretability, high synergistic potential, and low computational cost,
dimensionality reduction serves as a unique and powerful tool in the modern AI toolbox. In
particular, this work dictates the design of the record efficiency AIIR-Power PPCs [51].
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ABSTRACT14

Machine learning is proving to be a revolutionary tool across many disciplines, including optoelectronic device design. In
this report, we compare classical and machine-learning enhanced design optimization methodologies. We investigate, as
an example case, the design of the complex structures of ten-junction InP lattice matched photonic power converters with
In0.53Ga0.47As absorbers optimized for operation at 1550 nm. We find that the implicit pattern recognition capabilities of
dimensionality reduction using principal component analysis accelerate design discovery, optimization, and the understanding
of complex optical phenomena in the simulated devices. The dimensionality reduction approach offers over twenty times
as many optimal designs with greater variability and with a 15% reduction in computational cost compared to a classical
optimization method. Furthermore, we find that the representation of the reduced dimensionality subspace offers an intuitive
interpretation of optical phenomena expected to occur in this design problem. This method is general and offers the potential
for knowledge discovery, expanded design perspective, and optimization acceleration in conjunction with a significant reduction
in computational expense in systems which can be numerically modeled.

15

Keywords: machine learning, dimensionality reduction, design discovery, optimization acceleration, knowledge discovery,
multi-junction photonic power converters16

Introduction17

Optoelectronic device design relies upon the expertise of the design team to guide the process towards a desired outcome.18

However, the complexity of many devices quickly makes this process intractable as the number of parameters to consider is19

large and their correlations non-trivial. Classical optimization strategies, such as brute-force1–3, genetic2, 3, or multiobjective20

optimization algorithms4, are employed but come with several drawbacks5. First, their large computational expense scales21

with the number of varied parameters in the design space, exponentially in the worst cases. Second, there is no guarantee of22

finding an adequate solution since they are sensitive to the designer’s initial assumptions and to the complexity of the input-23

output relation. And third, they cannot efficiently handle multi-objective problems, which is standard for most optoelectronic24

applications. Contemporary tools based on machine-learning (ML) algorithms offer a way forward in these complex design25

problems, expanding the design perspective by reducing computational load and dependence upon the design team’s input26

while simultaneously bolstering the understanding of the physics underlying the problem.27

28

Supervised learning and dimensionality reduction are two common machine learning strategies for optoelectronic design.29

Supervised learning methods typically employ neural networks, which reduce computational cost by learning the input-output30

relation. This contributes to the great success of neural network based approaches in the inverse design problem, where31
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the device design is obtained from the desired response2, 3, 6–11. However, these methods are; 1) not interpretable, 2) do not32

reliably represent the many-to-one problem, where many sets of design parameters produce the same output response, which33

includes the design of many optoelectronic devices9, 12, and, 3) in the case of high-dimensional spaces, may still require34

computationally expensive data collection efforts to train. On the other hand, dimensionality reduction is a machine learning35

method to significantly reduce the computational cost of optimization while simultaneously identifying and encapsulating36

relationships in the data, enabling knowledge discovery. It operates to find the most compact representation of high-dimensional37

data with minimal information loss, greatly reducing the complexity of the problem. The reduced dimensional space offers38

fertile ground for efficient optimizations or multi-objective parameter sweeps12–22. The construction of the reduced dimensional39

space provides insights to supplement the design team’s understanding of the device and design landscape. This expansion in40

design perspective may speed up, improve, or lead to entirely new paradigms in the device design12, 17, 23–25.41

42

In this work, we extend the dimensionality reduction based method of Melati et al.13. We compare this machine learning43

(ML) enhanced method to a classical optimization strategy and the conventional "Beer-Lambert" approach for the chosen44

example design problem: multi-junction photonic power converters (PPCs). We study the nature of the optimized devices and45

explain the systematic deviations away from the typical approach that are observed. Comparing optimizations, we find that46

the ML-enhanced method offers over twenty times as many top designs with greater variability and at lower computational47

cost than the classical optimization approach. Ultimately, we identify that the top optimized designs from both methods and48

the Beer-Lambert design have comparable optoelectronic power conversion efficiencies (due to luminescent coupling and49

high material quality). Nonetheless, the variety of high-performance designs discovered, especially in the ML approach, is50

advantageous to applications where multiple figures of merit (FOM) are considered, as is often the case in reality. We further51

examine the construction of the reduced dimensional space and link features of the dimensionality reduction to the physical52

phenomenology of the design space. To the best of our knowledge, this is the first application of machine learning to the53

design of photonic power converters. It also constitutes an in-depth examination of dimensionality reduction based design for54

knowledge discovery following the examples of Melati et al.16 and Kiarashinejad et al.12, 23–25.55

56

Multi-junction Photonic Power Converter Design Optimization57

Background and Conventional Design Approach58

Photonic power converters (PPCs) are photovoltaic devices optimized to convert laser light into electrical power. They are59

part of the receiver unit in power-by-light systems and some optical-wavelength telecommunications links, with many modern60

applications in 5G, internet-of-things, remote power, and more26–44. Vertically-stacked monolithic multi-junction device61

architectures with several p-n junctions connected in series using tunnel diodes are state-of-the-art. They enable operation62

under higher optical power densities than other architectures and, thus, enable the highest electrical output powers. Simulta-63

neously, their increased voltage output negates the need for step-up voltage converters on the remote side improving system64

efficiency27, 45–50. When compared to single-junction designs, they allow lower current densities, reducing series resistance65

losses, and have thinner junctions that loosen material diffusion length constraints and reduce bulk recombination losses27, 50–54.66

Multi-junction devices have achieved record efficiencies above 65% (GaAs absorbers, 5-junction, ∼830-840 nm, ∼1.25 W67

input power, at 25◦C55) and output powers in excess of 29 W (GaAs absorbers, 12-junction, ∼810 nm, efficiency of ∼61%56).68

PPCs with 30 junctions are commercially available50. In this work, we consider ten-junction (10J) PPCs with an absorber69

material of In0.53Ga0.47As lattice matched to an InP substrate, hereafter referred to as InGaAs. The InGaAs absorber material70

(bandgap ≈ 0.736 eV) has been chosen for system operation at a laser wavelength of ∼1550 nm, which benefits from the71

advantageous free space and fibre optic transmission properties at this wavelength27, 28, 48, 57, 58. We choose ten junctions to72

allow output voltages greater than 5 V as desirable for powering downstream electronics. This junction multiplicity matches the73

state-of-the-art devices in this material system45.74

75

The simplest design approach to vertically stacked multi-junction PPCs employs the Beer-Lambert law to calculate the76

absorber layer thicknesses. This law stipulates that the optical power decreases exponentially as a function of depth into a77

semiconductor material. Due to the current matching constraints of series-connected junctions, Beer-Lambert designs have78

junctions, which increase in thickness from the light-incident side down (see Fig. 1). This serves as a reasonable first-order79

estimate and has been used to achieve high device performance45. In its simplest application, the Beer-Lambert method does80

not account for auxiliary non-absorbing layers, optical effects such as interference, interfaces, doping, and parasitic absorption.81

Additional to the absorber layers, PPCs employ anti-reflection coatings (ARCs), top-side dielectric layers which help couple82

light into the device. The thicknesses of the ARC layers are often designed by maximizing the transmission into a simple83

material stack with a uniform refractive index, neglecting the optical coupling of these layers to the full device structure. In84

this paper, we consider Beer-Lambert absorber designs with double-layer ARCs optimized using simple structures and those85
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Figure 1. Simplified schematic of the modeled devices, to scale with 98% total absorption Beer-Lambert absorber thicknesses
(1550 nm illumination). Zoomed views (right) show the junction and tunnel diode construction. Colors indicate doping sign
and concentration.

optimized using the full active stack, and compare these designs to the top results from the optimization methods. We ascertain86

that the approximations implicit in these conventional approaches do not significantly affect the optoelectronic power conversion87

efficiency for our 10J device. We attribute this to the weak optical coupling present in the structure and to luminescent coupling.88

Beer-Lambert designs are specified in the text by the fraction of incident light absorbed in the full device.89

90

Device Model and Calibration91

We evaluate devices using an accurate and predictive one-dimensional Poisson/drift-diffusion device model built in Synopsys92

Sentaurus TCAD59. We simulate optical absorption, including interference effects in layers thinner than the wavelength of93

incident light, using a rigorous coupled wave analysis (RCWA) optical solver, S460, 61. For computational efficiency, we94

implement scikit-learn62 optimization capabilities directly in the S4 python interface to Sentaurus. We assume standard95

one-to-one conversion of absorbed photons to electron-hole pairs and couple the resulting optical carrier generation rates from96

the RCWA calculation into Sentaurus’ device solver using the Sentaurus Data Explorer63, with a linear interpolation between the97

separately optimized optical and device meshes. We calculate electrical device performance considering Shockley-Read-Hall,98

Auger, and radiative recombination mechanisms. We include photon recycling and luminescent coupling, where photons99

originating in radiative recombination of carriers are reabsorbed in the device, with a custom python plugin using the iterative100

method of Wilkins et al.64. We calibrate the device model using experimental measurement of 1J, 2J, and 10J on-substrate101

PPCs48, 65 using PPCs grown and fabricated at Fraunhofer ISE66 and experimentally characterized at Fraunhofer ISE67 and the102

University of Ottawa SUNLAB68, 69. Our rigorous calibration ensures accurate optimization results48, 70.103

104

Figure 1 shows a schematic view of the 10J PPC devices in this paper including all modeled layers. We adopt the “segment”105

naming convention for same material subcells53; in this paper, using segment to refer to the subcell absorber layers specifically.106

We consider rear-heterojunction segments with high-bandgap front- and back-surface-field layers for efficient carrier extraction.107

The back-surface-field layer plays the role of emitter. The modeled tunnel diodes have negligible series resistance. We base108

their structure on Soresi et al.71. Allowing the ARC and these absorber layer thicknesses to vary under optimization results in109

the 12-dimensional (12D) design landscape of this study.110

111

Optics-Based Photocurrent Figure of Merit112

The typical figure of merit (FOM) in the design of PPCs is the optical to electrical power conversion efficiency, ηP, the ratio of113

electrical power out to photonic power in. In our model, the computational expense of the RCWA optical simulations is two to114

three orders of magnitude less than full optoelectronic device simulations. We introduce a FOM based on the optical part of the115

device simulation alone, this allows this study to be conducted with sufficient sample sizes in a reasonable time period. We116
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Figure 2. Correlation between full optoelectronic device efficiency, ηP, and the optical-only FOM, ηJ , for a large variety of
designs. Ten different randomly generated or partially optimized designs are simulated at each sampled ηJ value, given by the
gray markers. Black markers indicate the average for each set of ten. RMSE error bars are given. Excellent correlation for the
highest performing designs exists.

calculate and report the full optoelectronic, ηP , for the top-performing designs only. Our optical-only photocurrent FOM, ηJ ,117

ηJ = Photocurrent FOM =
device photocurrent [e/s]

incident photons per segment [γ/s]
, (1)

is the device photocurrent in number of electrons, e, per second calculated by the RCWA optical solver divided by one tenth of118

the input power in number of photons, γ , per second (the input power perfectly shared in the series-connected 10J device).119

The RCWA calculation accounts for reflection and transmission at all interfaces, as well as optical interference effects. The120

ηJ accounts for current matching between the segments by taking the limiting segment photocurrent for the device. It has an121

ideal value of 1, which indicates the possibility of converting 100% of the incident light into equal numbers of carriers in each122

segment of the device.123

124

The ηJ proves to be a good proxy for full optoelectronic device efficiency under current matching conditions. Figure 2125

shows the modeled ηP as a function of ηJ for a large number of device designs over a wide ηJ range. We simulate ten different126

randomly generated or partially optimized designs at each of 39 ηJ values, given by the gray markers. The black markers127

indicate the average for each set of ten designs. The root-mean-square-error (RMSE) over each set is used for gray error bars.128

For this study, we consider the designs with the highest ηJ . Figure 2 shows that these designs have the highest efficiencies and129

sit in a region of the plot where there is good correlation between the full optoelectronic ηP and the optical-only ηJ . At lower130

ηJ values, a greater variety in the optoelectronic performance of the designs emerges. This originates in the greater physical131

variety in the surveyed designs which can attain a given ηJ when including luminescent coupling. Luminescent coupling132

naturally redistributes current when segments are current mismatched allowing a larger variety of designs to achieve high133

performance. In Fig. 2, this effect is especially evident in the device designs which achieve high ηP despite having non-optimal134

photocurrent FOM and is the reason why the correlation over the full ηJ range is flatter than the highly current matched region135

(ηJ ≥ 0.98). Luminescent coupling is not included in the optical simulations.136

137

Machine Learning Enhanced Optimization Implementation138

Our dimensionality reduction based design method is given in Fig. 3. It involves a four-step process. First, any classical139

multi-start optimization method produces a sparse set of high-performance designs (Optimization 1). Second, the top designs140

are used to train the dimensionality reduction algorithm, and a reduced dimensional subspace is constructed. Third, a grid141

of designs are generated in the reduced dimensional subspace. And fourth, these designs are used as starting points for a142

second stage of classical optimization in the full dimensional design space (Optimization 2). Previously, the first three steps143

of this method were used by Melati et al. to assist in the design of nanoscale silicon-on-insulator vertical grating couplers144

and power splitters13–17, 72. We add the second optimization step to mitigate loss of information during the dimensionality145

reduction step (see the Results section and the first section of Supplementary 1 and Supplementary Fig. S1 for more information).146

147
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Figure 3. Simplified design flow for the machine learning enhanced design optimization. Step 1; classical multi-start
optimization. Step 2; top designs from step 1 according to a chosen figure of merit (FOM) are used to train a dimensionality
reduction algorithm and generate a reduced dimension subspace. Step 3; the reduced dimensional subspace is used to generate
start points. Step 4; extension of the method, classical multi-start optimization from the step 3 grid points to mitigate
information loss during steps 2 and 3.

In this work, we generate the starting points for the first stage of optimization randomly in a hyperbox centered around the148

98% total absorption Beer-Lambert absorber thicknesses and the ARC thicknesses from the calibration device48. We survey149

a wide area of the design landscape with the hyperbox edges at ±40% for the InGaAs layers and ±90% for the ARC layers.150

We generate 10,000 random designs. For optimization, we employ the Nelder-Mead simplex method, as we observe it to151

reach better performing designs compared to gradient based techniques. The optimizations are run until convergence for each152

design assuming default convergence tolerances62. We use the top 200 designs as training data for dimensionality reduction153

representing a ηJ cutoff of 0.984.154

155

The dimensionality reduction algorithm we use here is principal component analysis (PCA)73, 74. As equation (2) shows, in156

PCA the reduced space dimensions, or “components”, yi, are created by linear combination of the input dimensions, x j, which157

are standardized using a mean, µ j, subtraction and standard deviation, σ j, normalization. The algorithm operates to find the158

coefficients, ai j, for the linear sums of the standardized input dimensions, x′j, with the ai j chosen to retain the maximal amount159

of variance in the data. In other words, PCA operates to find the best linear dimensionality reduction solution with respect to160

the mean squared error measure of information loss leading to ai j which are the coefficients for the ordered eigenvectors of the161

covariance matrix.162

yi = ∑
j

ai j

(
x j −µ j

σ j

)
= ∑

j
ai jx′j, (2)

163

164

We select the dimensionality of the reduced space based upon the ability to reconstruct the training data. We project the165

training data points into and back out of reduced spaces of different dimensionality and calculate the average error in their166

reconstruction. The blue trend in Fig. 4 shows the result of this analysis. The red trend in Fig. 4 shows a related measure: the167

percentage of training data variance each reduced space retains. In this study, we choose a reduced space dimensionality of168

three, as the smallest reduced space in the plateau of the reconstruction error trend. The average reconstruction error for this169

reduced space is 0.085 µm and the training data variance retained is ∼88%.170

171

We generate a grid of approximately 10,000 new designs spread across the identified subspace, bounded by the extremities172

of the training data. We project these designs out into the original space where they are used as the starting points for the173

second stage of optimization. We then gather the final designs from both stages of optimization and apply constraints of 5 µm174

maximum for a single segment thickness and 8 µm maximum for the total absorber thickness. These constraints originate in175

practical limits on the total time and thermal budget allowances for growth of the epitaxial semiconductor structure.176

177

The classical optimization only baseline uses the same simulation framework. To ensure a fair comparison, it uses two178

stages of optimization with the end points from the first stage used as the starting points for the second stage. This choice is179

equivalent to running the results from Optimization 1 directly into Optimization 2 without the dimensionality reduction steps180
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Figure 4. Average reconstruction error of the 12-dimensional training data (blue, left axis) and percentage of training data
variance retained (red, right axis) for reduced spaces of different dimensionality. The trends flatten out indicating a level of
stability in the complexity of the data. The x’s show the selected reduced space.

Figure 5. Optimized layer thicknesses for the ML-enhanced method. a Segment absorber layer thicknesses as a function of ηJ .
b Zoom of a highlighting segments 2-10. The highest ηJ designs show narrow distributions for all but segment 1 absorber
thickness. c the ηJ for all designs as a function of the double-layer anti-reflection coating thicknesses. Purple markers (� and +)
indicate ARC designs which use a simpler structure and optimization method (as detailed in the text). In all panels, the designs
exceeding a ηJ of 0.99 are indicated using darker markers. X’s indicate the 99.5% total absorption Beer-Lambert absorber
design.

in Fig. 3. The second optimization stage once again uses the Nelder-Mead algorithm with default convergence criteria. Both181

the ML-enhanced and classical-only methods use the same first stage data. We run our design optimization using common182

packages in a python environment called aiirmap75. We use scikit-learn62 for machine learning and optimization algorithms.183

Databasing of the model results leverages pandas76, 77.184

185

Results186

Nature of ML-Enhanced Optimization and Comparison to the Conventional Design187

We show the nature of the optimized results from both optimization stages of the ML-enhanced method in Fig. 5. Supplementary188

Fig. S2 shows qualitatively similar results for the classical optimization. Figures 5a and 5b plot the InGaAs segment absorber189

layer thicknesses against ηJ . Figure 5a shows all absorber layer thicknesses, while Fig. 5b zooms in on the thinner layers .190

In Fig. 5c, we plot the optimized on-substrate designs as a function of the double layer ARC thicknesses. Figure 5 shows191

over 19,000 designs. These are the designs which pass the growth constraints minus the few (197) optimized designs which192

have an ηJ less than 0.80. We highlight the top designs, ηJ ≥ 0.99, on these plots using a vertical line and darker markers193

in Figs. 5a and 5b and orange markers in Fig. 5c. Nearly 4,000 designs meet this criteria. Using x’s, we include a conven-194

tional Beer-Lambert design with 99.5% total absorption and ηJ of 0.966. The highest performing designs achieve an ηJ of 0.996.195

196

Two features drive the ηJ optimization: current matching between segments and maximizing absorber thickness. The former197

dominates with direct proportionality; any current mismatch directly lowers the total device current. Meanwhile, the latter198

inherits the logarithmic relation between thickness and absorption encoded in the physics of the Beer-Lambert relationship.199

Consequently, thin current matched devices with only ∼4.5 µm of absorber material can achieve reasonable ηJ (∼0.95), while200
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the highest ηJ require current-matching and the exponentially thicker layers (most clearly observed in the segment 1 trend).201

The exponential-like absorption trend also reflects in the smaller thickness spread in the upper layers; they are more tightly202

constrained to obtain current matched values under the higher photon fluxes they experience. For the absolute highest ηJ designs203

(∼0.996) a single solution for the absorber thicknesses exists. This solution differs systematically from the Beer-Lambert trend,204

as Fig. 6 will explore.205

206

The segment 1 trend in Fig. 5a shows evidence of optical interference phenomena in the large number of horizontal ridges.207

These preferential thicknesses occur at half-wavelength optical path length intervals of the incident light indicating where208

the optimization stabilizes when the rate of change in the interference pattern and generation rate in the bottom segment are209

minimized. There is indication that segment 2 is also thick enough for this effect to occur. The maximum of 5 µm in Fig. 5a210

indicates the growth-informed design constraints.211

212

The ML-enhanced optimization converges to two unique ARC designs, the two orange peaks in Fig. 5c. Figure 5c also213

shows several features associated with optical interference. Linear peaks of higher ηJ extend outward from the x and y axes214

along lines which maximize transmission through the ARCs. The intersection at the y-axis is at the expected location, where215

the upper ARC has a quarter wavelength optical depth (refractive index of the upper ARC is 1.38 at 1.550 µm) and thus purely216

destructive interference upon reflection at the first interface. On the other hand, the intersection at the x-axis has been split to217

either side of the quarter wavelength optical depth in the lower ARC due to the presence of the InP window layer. The near half218

wavelength optical depth of the window leads to the small split and strong optical coupling which produces a second linear peak219

of high-performance. We find near-optimal performance along another linear trend which connects the two orange optimal220

performance peaks. This is associated with the current match layer pattern, with the two peaks indicating the designs where this221

layer pattern couples to an ∼5 µm thick segment 1. The second peak designates the interference modified half wavelength shift222

at which destructive interference between reflected waves is once again maximized.223

224

The simple approach of optimizing the ARC layers separately from the absorber layers proves to be sufficient in this device225

architecture. The purple markers in Fig. 5c indicate double layer ARC thicknesses optimized using the transfer matrix method226

on-top of simpler epitaxial layer stacks. For the purple tri marker (�), the underlying structure is an InP substrate only, for the227

purple plus marker (+) the ARCs sit atop 1 µm InP, 2 µm InGaAs, and an InP substrate. The black x indicates the fully modeled228

layer stack with Beer-Lambert absorber thicknesses (as in Fig. 1). These three ARC designs are similar, with single-layer ARC229

thicknesses differing by 25 nm or less. Under optoelectronic simulation using the Beer-Lambert absorber design, we obtain230

negligible performance loss for devices where the ARCs were optimized using the simpler structure.231

232

The ML-enhanced optimized absorber thicknesses systematically deviate away from the simple Beer-Lambert exponen-233

tial absorption trend. Figure 6 shows the percent difference between the top (ηJ ≥ 0.99) ML-enhanced optimized segment234

thicknesses compared to the 99.5% absorption Beer-Lambert design shown by the x’s in Fig. 5. This Beer-Lambert design235

is chosen such that the bottom segment thickness aligns with the mean optimized value. It corresponds to a Beer-Lambert236

device with total absorber thickness of 7.4 µm. In Figure 6, segments 10, 6, and 5 are, on average, slightly thicker than the237

Beer-Lambert while the remaining upper segments are up to ∼3% thinner. The maximal average percent difference is 3.3%, this238

was obtained for segment 9 and corresponds to a 6 nm thickness difference. Spreads in the optimized thickness remain ∼5% for239

all but the thickest segments, where they increase to 8% and ∼31% (+14% to -17%) in segments 2 and 1 respectively. Similar240

results are found for the classically optimized dataset (see Supplementary Fig. S3). We attribute these deviations to optical241

interference effects in the multilayer cavity which are strongest at the thinner top segments (see Supplementary Fig. S4 for242

more information). This optical interference arises from differences in refractive index between layers which produce multiple243

reflections and a weak Fabry-Perot type resonance effect. Features which are not captured in the Beer-Lambert approach. The244

design differences do not prove meaningful under full optoelectronic simulation with luminescent coupling. The natural current245

redistributing recovery of the luminescent coupling process (see Fig. 2) leads to equivalent optoelectronic power conversion246

efficiencies for the Beer-Lambert design and the top ML-optimized devices from each ARC cluster. Furthermore, the deviations247

observed in the mean optimized layer thicknesses in Fig. 6 fall within the typical uncertainty arising in the epitaxial growth248

which leads to layer thicknesses that vary by up to 5% of their nominal value. While these results remain of theoretical interest249

only for the 10J on-substrate InGaAs devices studied here, optimal layer thickness modulation due to optical interference effects250

may play a larger role in PPC devices with different materials, junction multiplicities, refractive index variations, auxiliary251

layer designs, or device architectures (such as thin film PPCs with a back-reflector instead of the substrate78). In this design and252

with efficiency as the target figure of merit, these results give confidence to designers employing the Beer-Lambert approach for253

the absorber layer thicknesses.254

255
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Figure 6. Deviation of layer thicknesses of the top (ηJ ≥ 0.99) ML-enhanced designs from the 99.5% Beer-Lambert design.
Orange lines denote mean values, blue lines denote medians, and the box gives the first and third quartiles. The whiskers show
the two sigma extent of the data and open circles the designs falling outside these limits. Several segments (10, 9, and 7), have
optimal layer thicknesses that are significantly (∼2-3%) different from the Beer-Lambert thicknesses.

Figure 7. Photocurrent FOM population probability histograms for designs from different stages of the ML-enhanced and
classical optimization scenarios. The total design populations meeting the growth constraints, the number and percentage of
these designs with a ηJ greater than or equal to 0.99, and average ηJ for each stage are also given. This shows the much larger
number and percentage of high-ηJ designs produced by the ML-enhanced method.

Comparison between ML-Enhanced and Classical Design Optimizations256

By comparing the ηJ and variety of the optimized designs we find that the ML-enhanced method outperforms the classical257

optimization method in a number of ways. Figure 7 shows the ηJ population probability distributions for the designs after258

the first stage of optimization (yellow, Fig. 3 Optimization 1), from the reduced dimensional space grid (light blue), after the259

second stage of optimization starting from the reduced space grid (dark blue, ML-enhanced, Fig. 3 Optimization 2), and after260

the second stage of optimization starting from the first stage end-points (brown, classical). We do not include the initial random261

starting point designs, they had a normally distributed ηJ histogram with a mean of ∼0.58 and a standard deviation of ∼0.08.262

The differences in the populations arise from the application of the growth constraints, the reduced space grid granularity, and263

from simulations which fail to converge.264

265

The reduced dimensional subspace is highly effective at generating second stage optimization starting points and accel-266

erates design discovery further down the optimization pathway. As Fig. 7 shows, over forty percent of the points from the267

ML-enhanced second stage reach the highest ηJ (≥ 0.99). This compares to only ∼4% for the classical optimization second268

stage. The very top performing designs from both methods have nearly equivalent performance (ηJ of 0.995 (classical) and269

0.996 (ML-enhanced)) but there are over 20 times as many designs at this level for the ML-enhanced method compared to the270

classical method. The lowest performing design after the ML-enhanced second stage has an ηJ of 0.971; ∼60% of the designs271
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Figure 8. Two-dimensional projections, selected from the 12-dimensional design space. The high-ηJ (≥ 0.99) designs from
the classical optimization (left) and ML-enhanced (right) second stages of optimization. The thicknesses of the upper ARC
(top) and segment 3 (bottom) are shown against the the segment 2 thickness. The larger number of designs, higher ηJ , and
larger diversity of designs from the ML-enhanced method is clear.

from the classical second stage do not reach this mark. The ML method also produces more significantly thicker devices (e.g.272

43% of designs thicker than 7 µm, comparing to 9% for classical second stage) indicating it has proceeded further along the273

optimization pathway. In Fig. 7, the double peak in the ML-enhanced second stage data reflects results which straddle the274

saddle region within the ARC subspace (the yellow area between the two orange peaks in Fig. 5c). The peaks are centered at275

ηJ of 0.986 and 0.994.276

277

We obtain the optimized designs from the ML-enhanced second stage of optimization with 30% less computational effort278

compared to the classical second stage of optimization, as measured by the average number of iterations until convergence.279

The total reduction in computational cost is 15% for the full method (steps 1 through 4 of Fig. 3) compared to the classical280

optimization method since both approaches use the same first stage data which had a similar computational cost as the classical281

second stage. The dimensionality reduction step itself is computationally inexpensive.282

283

The reduced dimensional subspace grid survey, light blue in Fig. 7, produces a large quantity of near-optimal designs284

(≥ 0.95). The reduced space is constructed from first stage training data with an ηJ cutoff of 0.984. We attribute the ηJ tail285

below the training data threshold to a small loss of meaningful information which occurs during the grid creation and results in286

a reduced space which includes the high performance peak as well as a slightly lower performance volume (in this case, the287

saddle region within the ARC subspace). This loss of information motivates our second stage of optimization (see the first288

section of Supplementary 1).289

290

The ML-enhanced optimization also demonstrates greater variability of top performing designs when we compare to those291

generated using the classical two-stage optimization. Fig. 8 shows the designs with ηJ greater than or equal to 0.99 after the292

ML-enhanced and classical second stage for two 2D projections of the 12D design space. Shared xy axes highlight the extended293

variety of the designs that the ML-enhanced procedure attains. In the ARCs (top row of Fig. 8 and Fig. 5c) we find that the294

ML-enhanced method generates a much greater population of designs with thicker ARC layers. While this thicker ARC design295

is expected from simple optics and is not typically considered in fabrication of real devices, this result shows the potential of296
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Figure 9. Reduced dimensionality subspace construction for the first three principal components that principal component
analysis identifies. a PCA coefficient, ai j of equation (2), for each standardized input dimension, x′j. b PCA coefficient times
the standard deviation, ai j ∗σ j, in micron, for each mean subtracted input dimension, x j −µ j. c Y-scale zoom on the zero
region of b. The percent of training data variance which each of principal component retains is given along the bottom of a.
The primary optical phenomena in the design space are visibly encoded in the construction of the reduced space.

the dimensionality reduction enhanced method to move out, discover, and populate new high performance regions of the design297

space. The thicker ARC peak being in an area outside the range of the initial guesses and only sparsely present in the training298

data. The segment 2 - segment 3 projections (bottom row of Fig. 8) show a variation which is mirrored across the absorber299

design space and arises as all layers shift according to the interference patterns to maintain segment current matching. This300

variety may allow discovery of designs which satisfy multiple performance metrics and/or are less sensitive to typical design301

parameter variations in realistic devices and their operation (e.g. temperature, wavelength, absorber composition, thickness302

accuracy and precision).303

304

Knowledge Discovery through Reduced Dimensional Subspace Construction305

Dimensionality reduction compresses this multi-junction PPC design space to one-quarter of its original size while maintaining306

an average reconstruction error of less than 100 nm. A number which is weighted by the thick bottom segments. The total307

training data variance that the three-dimensional space retains is 88%. Figure 9 presents the composition of the three principal308

components, the yi in equation (2). Fig. 9a gives the reduced space construction in terms of the PCA coefficients, ai j, for each309

standardized input dimension, x′j. Fig. 9b and 9c remove the standard deviation normalization from the input dimensions to310

show the physical nature of the component composition. Due to the mean subtraction in equation (2), the zero of these plots311

represents the mean design, given by the orange lines in Fig. 6.312

313

PCA determines the sets of correlations which account for the most variance in the training data. Components are con-314

structed as orthonormal representations of these correlations. Within one component, same (opposite) sign coefficients indicate315

positive (negative) correlation between input dimensions, and the magnitude of each coefficient indicates how strongly each316

input dimension contributes to the trend. The sign and magnitude differences of the input dimension coefficients from one317

component to another have little physical meaning. The component ordering gives the relevant ordering of which trend318

contributes more to overall data variance73. We consider this when interpreting the reduced space construction for knowledge319

discovery.320

321

The first principal component, y1 in Fig. 9, encodes the most basic relationship in terms of the thickness dependencies322

between segments. It says that if one layer thickness increases, the others tend to increase to maintain current matching. As323

Fig. 9b shows, it implicitly encodes the Beer-Lambert like exponential relation between segment thicknesses. The first principal324

component accounts for ∼69% of the training data variance.325

326

The two ARC layers dominate the construction of the second principal component, y2. Fig. 9a shows that over 13% of the327

variance in the training data was contained in these two dimensions alone. This signifies PCA’s recognition of the two ARC328
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peaks in the training data and the construction of a component which linearly spans the space between them.329

330

The third principal component, y3, forms the secondary axis of the ARC saddle (Fig. 5c). It also seems to encode a wave-like331

pattern through the absorber layers. This suggests the appearance of the optical interference phenomena we observed in the332

previous figures. Here, combined with the Beer-Lambert trend in y1. Further testing suggests that 5-15% of the training data333

variance is attributable to optical interference phenomena (see Supplementary Fig. S5).334

335

Discussion and Conclusion336

We study a ML-enhanced method which accelerates the design optimization of multi-junction PPCs. It produces a much greater337

number of designs attaining the highest ηJ , these have a greater design variability, and are obtained at a lower computational cost338

than those found using classical optimization algorithms alone. These advantages, coupled with the demonstrated knowledge339

discovery, exemplify an expansion in the design perspective which empowers the design choice under external constraints and340

preferences (e.g. different or multiple performance metrics, growth parameters, or cost). In this study, the reduced space grid is341

conservatively bounded by the training data. Extending the grid beyond these bounds, or increasing the resolution of the grid342

survey, could lead to the generation of greater numbers of high-performance designs with larger variability.343

344

We show the potential for knowledge discovery implicit in the construction of the reduced dimensional subspace. Figure 9345

confirms the basic understanding of the multi-junction PPC design space. The major contributions to ηJ are (y1) the requirement346

for good current matching with Beer-Lambert like absorption, (y2) the optimization of the ARC, and (y3) a fine-tuning of347

absorber thicknesses suggestive of optical interference effects within the multi-layer semiconductor stack. We attribute the348

deviations away from the Beer-Lambert design, as observed in Fig. 6, to this optical interference. Further knowledge discovery349

is possible within the on-substrate PPC context by including more design parameters, such as layer doping and auxiliary layer350

design, in the analysis.351

352

The ML-enhanced method does not identify designs with higher optoelectronic efficiency than the conventional and353

classical approaches. This result is not unusual since the ML method relies on the same classical optimization algorithms354

to generate its designs. However, the larger variety in the ML-enhanced designs indicate that our method has led to a wider355

characterization of the high performance design space and lends stronger support to the conclusion that the Beer-Lambert356

approach is sufficient for the multi-junction PPC design problem when power conversion efficiency is the target figure of merit.357

In general, it is difficult to know apriori whether the ML-enhanced method will lead to new knowledge beyond what is known358

through classical or individually optimized means. In any case, dimensionality reduction offers an efficient pathway for a more359

complete characterization of the design space ensuring that nothing has been missed while simultaneously offering new design360

perspectives through knowledge discovery and a reduction in computational cost.361

362

Optical-based design optimization of multi-junction PPCs ignores the important optoelectronic phenomenon known as363

luminescent coupling. As Fig. 2 shows, luminescent coupling can expand the pertinent design space if the highest efficiency is364

not the only performance criterion. Having multiple FOMs is often the case in reality, as applications, cost, manufacturing365

uncertainties, and operational uncertainties impose challenges and considerations beyond what can be easily simulated. Forcade366

et al.48 show that PPCs optimized with luminescent coupling converge toward a layer structure with current limiting top and367

bottom junctions which take advantage of the physics of radiative recombination recapture. Future dimensionality reduction368

studies could use devices optimized with luminescent coupling, leading to an even larger diversity of high efficiency structures.369

370

Machine learning is a toolbox of empowering methods which expands the design perspective in photovoltaics, optoelectron-371

ics, and beyond. By allowing a significant reduction in the complexity of a problem in a meaningful manner, dimensionality372

reduction simultaneously reduces computational cost while unlocking new pathways for exploration and fundamental under-373

standing. It is an indispensable tool in the emerging field of ML-enhanced design, especially for high-dimensional problems.374

The general dimensionality reduction method we present here is applicable to problems that can be accurately numerically375

modeled. It does not require assumptions about the nature of the design space or on the optimization figure of merit but it376

requires an accurate model and a reasonably efficient optimization pipeline. This pipeline must generate a sufficient number377

of optimized and unbiased designs required for effective training. The general dimensionality reduction method can also be378

augmented by including other dimensionality reduction algorithms in place of principal component analysis, such as non-linear379

techniques18, 20–22, 79 or feature selection79, 80. It can be combined with other machine learning techniques such as neural380

networks and advanced optimization algorithms2, 3, 6–9.381

382
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Motivation for the Second Stage of Optimization15

Our work adds the second stage of optimization to the machine learning (ML) enhanced design method (Step 4 of Fig. 3 of the16

main text). This second optimization is added to recover a small but meaningful loss of information that occurs during the17

dimensionality reduction. The information loss occurs because of the finite size of the training dataset and because the reduced18

dimensional subspace fails to perfectly capture the high-performance manifold. It results in; 1) the inability to accurately19

reconstruct data (a non-zero reconstruction error), and, 2) a reduced dimensional subspace which includes regions of lower20

performance. The second stage of optimization corrects for both manifestations of information loss in design spaces with21

continuous optimization FOM landscapes.22

We observe information loss in our study in Fig. 7 (reproduced in Supplementary Fig. S1a for ease of comparison).23

Specifically, it appears as a low-ηJ tail for the reduced subspace histogram (light blue) which extends below the training data24

threshold of 0.984. Our information loss has two components. First is the intersection of the reduced dimensional subspace25

with lower performance design volumes. For the ARCs, the linear dimensionality reduction algorithm cannot isolate the two26

distinct peaks (the orange designs in Supplementary Fig. S2c and f) and the reduced dimensional subspace includes the area27

around and between them (the saddle region) where the ηJ drops due to non-optimal transmission through the ARC layers.28

For the absorbers, the dimensionality reduction fails to capture all the Beer-Lambert and interference-related nonlinearities29

leading to a reduced space of approximated curves. The second component is the reconstruction error. The 3D reduced30

dimensional subspace chosen in this study has an average segment reconstruction error of 85 nm. Supplementary Figure S1b31

shows the effect of this information loss on the ηJ of the training data, presenting the ηJ histogram before (black) and after32

(red) reconstruction. A low-ηJ tail below the training data threshold of 0.984 is evident in the reconstructed trend. This effect33

combines with the population of the ARC saddle region to produce the tail in the reduced space trend. For our dataset, the34

second stage of optimization recovers the vast majority of information loss yielding an extremely high-performing population35

(dark blue in Supplementary Fig. S1a).36

Nature of the Results from the Classical Optimization37

The optimized designs from the classical design optimization are qualitatively very similar to the results from the ML-enhanced38

method. Supplementary Figures S2 and S3 provide comparisons of the ML-enhanced (top row of each figure) and classical39

(bottom row of each figure) results. The ML-enhanced results are reproduced from Figures 5 and 6 of the main text and included40

here for ease of comparison. The same 99.5% total absorption Beer-Lambert design is used as baseline in both sets of plots.41

Slightly more than 400 classically optimized designs exceed a ηJ of 0.99. These high-performing designs are indicated by the42

dashed lines and orange markers in Supplementary Fig. S2d, e, and f. This compares to ∼3,900 designs for the ML-enhanced43
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Supplementary Figure S1. The effect of reconstruction error information loss on the optical performance of the training
data and its contribution to information loss in the reduced dimensional subspace. a Photocurrent FOM population probability
histograms for designs from different stages of the ML-enhanced and classical optimization scenarios. Reproduced from Fig. 7.
b Photocurrent FOM population histograms for the 200 training data designs before ("Initial", black) and after projection into
and out of the reduced dimensional space ("Reconstructed", red). A small low-ηJ tail emerges after reconstruction.

Supplementary Figure S2. Comparison of the the optimized layer thicknesses for the ML-enhanced (top) and classical
(bottom) methods. The ML-enhanced results (a,b,c) are reproduced from Fig. 5. a and d: All absorber layers as a function of
ηJ . b and e: zooms of a and d, respectively, which focus on segments 2-10. c and f: ηJ for all designs as a function of the
double-layer anti-reflection coating thicknesses. Purple markers (� and +) indicate ARC designs which use a simpler structure
and optimization method (as detailed in the main text). In all panels, the designs exceeding a ηJ of 0.99 are indicated using
darker markers. X’s indicate the 99.5% Beer-Lambert absorber design used in the plots of Supplementary Fig. S3.

method (subfigures a, b, and c).44

45

There are a few important differences between the two sets of results. The first is the larger density of higher performance46

designs in the second optimization stage of the ML-enhanced method (9,728 designs have ηJ > 0.98, this compares to 2,597 for47

the classical method). This is visible in Fig. 7 (Supplementary Fig. S1a) but also appears in a comparison of the two sets of48

plots in Supplementary Fig. S2, most easily discerned in the segment 1 trend. The plots also show an indication of the greater49

variety of high performing ML-enhanced designs. Finally, they show a greater number of ML-enhanced designs with thicker50

ARCs (Supplementary Fig. S2 subfigure c vs. subfigure f). We note that the same optical interference pattern of horizontal lines51

in the segment 1 thicknesses emerges in both the ML-enhanced and classical optimization results.52

53

Both the ML-enhanced and classical optimization methods converge to the same globally optimal solution for the absorber54
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Supplementary Figure S3. Comparison of layer thickness deviations from the 99.5% Beer-Lambert design for
ML-enhanced (top) and classical (bottom) optimization methods. The ML-enhanced result (top) is reproduced from Fig. 6. The
top designs (ηJ ≥ 0.99) are included with the populations as indicated. Orange lines denote mean values, blue lines denote
medians, and the box gives the first and third quartiles. The whiskers show the two sigma extent of the data and open circles the
designs falling outside these limits. Light is incident from the left.

layers. The ML-enhanced method generates a greater diversity and density of solutions in the vicinity of this optimum. A55

comparison of the two plots in Supplementary Fig. S3 shows this. The mean thickness for the top designs (ηJ ≥ 0.99) from56

both methods are within a couple nanometers of each other for segments 3-10 and within 10 nm of each other for segment 2.57

The only segment with appreciable differences is segment 1. There, we see thinner results for the classical method compared58

to the ML-enhanced, once again pointing to the fact that the classical optimization has not progressed quite as far down the59

optimization pathway (specifically the trend towards thicker devices with its exponentially decreasing absorption gains).60

61

Observation of Interference Effects in the Device62

We attribute the systematic deviation away from the simple Beer-Lambert exponential absorption trend that is observed in63

Figs. 6 and S3 to interference phenomena in the multilayer cavity. Supplementary Figure S4 shows the generation rate in the64

segments as a function of depth obtained by the RCWA optical solver for a well performing design. Generation rate is given on65

a log scale. Optical interference patterns are visible throughout the device causing significant variation in the generation rate66

across a segment (for example, >50% in segment 8) and non-linearity from one segment to another. It should be noted that67

these interference effects may be smaller in realized devices since realistic material and doping changes at the interfaces are68

less abrupt than they are in our device model.69
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Supplementary Figure S4. Segment generation rates as a function of depth as calculated by the RCWA optical solver.
Generation rate is on a log-scale, depth is on a linear scale. Segment numbers are indicated. Light is incident from the left.
Optical interference effects within the absorbers are visible.

Reduced Spaces Using More Optimized Training Data70

The construction of the reduced space naturally relies on the nature of the training data. The bottom row of Supplementary71

Fig. S5 shows a reduced space based on the top 200 designs after a first stage of optimization which consisted of two back-to-72

back RCWA optimizations. The top row of this figure is a reproduction of Fig. 9 from the main text. It uses a single RCWA73

optimization and is included here for ease of comparison. Supplementary Fig. S5 shows that with better quality data the PCA74

construction can more cleanly express the trends associated with the different physical phenomena in the design landscape.75

When we compare the two sets of plots, we see the exponential Beer-Lambert trend in the unnormalized construction of y176

more clearly in the reduced space based off of the more highly optimized training data. That reduced space also shows optical77

interference effects which seem to be almost entirely isolated in y3, with only minor leakage into, the still-ARC dominated, y2.78
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Supplementary Figure S5. Comparison of reduced dimensionality subspaces for less (top) and more (bottom) highly
optimized training data. Subfigures a,b,c are reproduced from Fig. 9. Principal component construction for the first three
components is shown. a and d: the PCA coefficient, ai j, of equation (2), for each standardized input dimension, x′j. b and e:
PCA coefficient times the standard deviation, ai j ∗σ j, in micron, for each mean subtracted input dimension, x j −µ j. c and f:
y-scale zoom on the zero regions of b and e, respectively. The percent of training data variance which is captured by each of the
principal components is given along the bottom of a and d. The primary optical phenomena in the design space are visibly
encoded in the construction of the reduced spaces.
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5.4 ML-enhanced study of MJ PPCs with flat back-reflector
architecture

This section outlines ongoing research that I am conducting which is a natural complementary
extension to the study presented in the last section. This work falls under the purview of the
AIIR-Power BR project which runs until March 2026. In this project I use aiirmap and Synopsys
Sentaurus TCAD to investigate and optimize the design of a 10J PPC with a flat back-reflector.
Flat back-reflector architectures remove the substrate from the bottom of the MJ PV device
and replace it with a thin-film reflector (mirror) layer (typically gold). This offers a significant
increase in the light-trapping capabilities of the PPC, unlocking higher efficiencies and greatly
reducing absorber thickness requirements [125, 184–186]. The thinner back-reflector devices
ease material-quality and epitaxial-growth constraints, offering a design paradigm more com-
mensurate with cost-effective, high-throughput manufacturing techniques. As the last section
clearly showed the design landscape of MJ PPCs is high dimensional and highly correlated with
strong optical, electrical, and optoelectronic effects mediating complex interactions between
the many layers. In the case of back-reflector architectures these interactions are amplified by
the thinner junctions and more complex photonic paths. Preliminary results show that these
effects result in a nonlinear optimal design manifold in the parameter space, as opposed to
convergence to simple solutions as was found for the on-substrate designs in the last section.
These high-performing back-reflector designs offer significant flexibility to realize application
specific systems.

Figure 5.1 shows some of these preliminary results of studies into 10J flat back-reflector
PPCs. Similar to Figure 8 in the main document of Section 5.3, this figure shows the top (pho-
tocurrent figure-of-merit ≥ 0.99) optimized results in two pairs of 2-dimensional projections of
the higher dimensionality design space. Examples of thinner segments, segment 10 vs. segment
7 thicknesses, are shown across the top row. The thickest layers, segment 2 vs. segment 1, are
shown in the bottom row. The left column shows designs optimized using the same classical
methods as described in Section 5.3 above. The right column shows the designs optimized using
the ML-enhanced method using linear dimensionality reduction. The projections in Figure 5.1
use the same xy and colour scales and use red markers to highlight the higher performance
and greater variety in the ML-enhanced designs. These preliminary results indicate that flat
back-reflector designs with up to 40% reduction in the absorber thickness compared to a design
which employs the Beer-Lambert law and a perfect back-mirror may be possible without any
loss in efficiency. This study shows that dimensionality reduction is an effective method to
identify, explore, and understand the non-linear optimal design manifold. This project will build
off of the aiirmap codebase and calibrated Synopsys Sentaurus TCAD model introduced in the
previous section. The model will be refined to obtain better calibration with back-reflector
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devices and non-linear dimensionality reduction techniques using auto-encoder neural nets as
in [187] will be included into aiirmap. Record efficiency flat back-reflector samples are an end
target, as are non-conventional (thinned total absorber) designs and knowledge discovery in the
emergent flat back-reflector MJ PPC design space.

Figure 5.1: Two-dimensional projections selected from the higher dimensional design space. High
performance designs (photocurrent figure-of-merit ≥ 0.99) from the classical optimization (left) and
ML-enhanced optimization (right) methods described in Section 5.3 are shown. The projections are
of two thinner segments, segment 10 and segment 7, in the top row and the two thickest segments,
segment 2 and segment 1, in the bottom row. For ease of comparison, each pair shares xy axes and
all four share the colour scale. Red markers indicate areas of difference.
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Cost-effective, infrared-capable adaptive
optics

In this chapter I detail my efforts towards the experimental achievement of an AO system which
can handle compressive sensing single pixel images as input. It consists of one contribution,
presented at the IEEE Sensors Applications Symposium (SAS) 2023 conference. This work
provides witness for a functioning experimental test bench (see Figure 2 in the next section)
and evidence for the viable operation of speckle spot based adaptive optics algorithms on single
pixel images with compressive sensing fractions as low as 15%. It indicates the feasibility of the
single pixel adaptive optics approach as a cost-effective, infrared-capable AO technique.

6.1 Experimental point spread function imaging of turbu-
lent wavefronts using compressive sensing

Scope and impact

This conference presentation and proceeding from SAS 2023 uses experimental and compu-
tational data to indicate the feasibility of single pixel images with and without compressive
sensing as input for speckle spot based adaptive optics algorithms. I revitalize an experimental
test bench which includes a spatial light modulator to simulate atmospheric phase-distortion
and single pixel, multi-pixel cameras, and a Shack-Hartmann wavefront sensor for observation.
Beam images are obtained using the variable methods with Kolmogorov phase screens used
to simulate high atmospheric turbulence conditions (where the beam diameter is ten times
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larger than the atmospheric coherence length). I compare the single pixel, multi-pixel, and
wave-propagation-simulated focal plane patterns, the so-called ’speckle spot’ patterns of static
atmospheric turbulence. I consider speckle spot based adaptive optics an emerging technique
which may respond well to compressive sensing images and introduce computational tools and
metrics to analyze and compare the speckle spot content of the images. I contrast the speckle
spot information from multi-pixel, simulated, and single pixel images with (simulated a-posteri
Walsh-ordered or random down-sampled) compressive sensing fractions between 15% and 100%
(the full 64x64 basis) and discuss the results.

In this work I introduce the following novelties;

1. Development of a fully functional, well-calibrated test bench with the capability to sim-
ulate and capture the phase-distortion caused by atmospheric turbulence using a Shack-
Hartmann wavefront sensor in the pupil plane and both single pixel and multi-pixel cam-
eras at the focal plane. Collection of single pixel images with a 64x64 Hadamard basis.
Exemplification of clear visual congruence between single pixel, multi-pixel, and simulated
focal plane wavefront speckle patterns.

2. Provision of evidence that speckle spot-based adaptive optics algorithms should perform
just as well with single pixel images as standard multi-pixel images and that single pixel
images with compressive sensing fractions as low as 15% may perform almost as well.
Walsh down-sampling of the single pixel camera basis outperforms random across es-
sentially all down-sampling rates between 45% and 15%. The metrics show that Walsh
down-sampled images are better at retaining general (as indicated by higher structural
similarity index measures) and speckle spot related information (as indicated by lower
intensity-weighted average pairwise distances and relative intensity errors).

This work contributes to the development of adaptive optics systems which use single pixel
architectures and/or compressive sensing. It falls under the initiative of the National Research
Council of Canada’s High-Throughput and Secure Networks Challenge and contributes to the
goals given therein (e.g. high-speed internet access in remote communities of the Canadian
north delivered through free-space infrared telecommunications links).
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Abstract—Wavefront distortion of free-space optical beams 

propagating through atmospheric turbulence leads to signal 

fading in communications applications. The wavefront distortion 

can be compensated by adaptive optics, but conventional methods 

based on wavefront sensing may fail to ensure adequate signal 

coupling in typical communications scenarios. Alternative 

methods rely on focal plane intensity measurements. In this work, 

we apply computational imaging using a digital micromirror 

device to reconstruct the focal plane intensity image of a beam 

distorted by simulated atmospheric turbulence generated by a 

phase-only spatial light modulator. The image fidelity of the 

experimental focal plane images is compared to calculated point 

spread functions as a function of the compression ratio for 

undersampled images.   

Keywords—Free-space Optical Communication, Atmospheric 

Turbulence, Single-Pixel Imaging, Wavefront Sensors 

I. INTRODUCTION  

There is increasing interest in free-space optical 
communication (FSOC) as a solution to increase the available 
bandwidth of inter-satellite and ground-satellite communication 
links. Establishing reliable ground-satellite communications 
using FSOC is seen as a mechanism to improve data 
transmission rates of feeder links, compared to current radio 
frequency (RF) solutions [1, 2]. However, optical transmission 
through the atmosphere is affected by atmospheric turbulence. 
In the context of FSOC, this results in intensity and phase 
distortions leading to signal fading [3, 4]. Adaptive optics (AO) 
techniques have been used to improve the performance of FSOC 
links through the atmosphere by sensing, and correcting for, the 
wavefront distortions caused by turbulence [5 - 7].  

Traditional wavefront sensing approaches used in 
astronomical AO, such as the Shack-Hartmann wavefront sensor 
(SH-WFS), can fail under the strong turbulence conditions 
expected at ground station locations, particularly for low-angle 
elevations or when tracking a satellite at a high slew rate, as is 
required for communications with low earth orbit (LEO) 
satellites [8, 9]. Alternative methods have been proposed to 
improve AO performance in strong turbulence, including 
sensorless approaches, in which the corrective element is 
iteratively updated to optimize the optical beam to fiber coupling 
efficiency [10, 11]. However, the sensorless approach requires a 

large number of iterations, which may not be feasible for short 
coherence times, e.g. ~ 1 ms, which are typical for LEO 
downlinks [12]. Recently, a method has been proposed using 
imaging of the point spread function (PSF) in the focal plane to 
significantly reduce the number of iterations required [13]. This 
approach requires an imaging camera operating at both high 
speed and high sensitivity, which may present challenges, for 
example where the beam to be imaged is at a typical infrared 
telecommunications wavelength such as the C-band. It has been 
proposed that the PSF in the focal plane may be imaged using a 
single pixel imaging approach based on a digital micromirror 
device (DMD) [14]. This approach has the advantage of high 
sensitivity due to the optical integration of a large area of the 
image plane, and can be implemented over a wide range of 
wavelength bands using relatively inexpensive hardware. The 
PSF images are reconstructed from intensity measurements 
sequentially collected while projecting a sequence of patterns on 
the DMD, using for example the Hadamard basis. Based on the 
principles of compressive sensing (CS), the image can be 
reconstructed using significantly fewer data points than the 
number of image pixels [15]. An adaptive optics system using 
such a single pixel imager has been proposed [16], and  a 
preliminary experimental demonstration was reported [17]. 

In this work, the design and construction of a benchtop 
turbulence simulation setup, using a phase-only liquid crystal 
spatial light modulator (SLM), and a DMD-based PSF imaging 
system, are described. The recorded PSF images reconstructed 
from both full and partial (CS) Hadamard pattern sets are 
compared with the simulated focal plane images obtained by 
calculating the propagated complex field from the known phase 
distribution projected on the SLM. The precision of the PSF 
information obtained is evaluated by comparing the locations 
and intensities of the speckle pattern spots computed by an 
image processing routine.  

II. EXPERIMENTAL METHOD 

The schematic of the experimental test-bench is shown in 
Fig. 1. The light source for our setup is linearly polarized 635 
nm laser light. It enters the system through a polarization 
maintaining fiber and is passed through a fixed collimator, linear 
polarizer, and half-wave plate which act to align the polarization 
axis of the laser light to the superordinal axis of the SLM. The 
beam is expanded by a factor of ten to overfill the SLM area 
using a fixed beam expander and is then masked down to fit on Funding for this work was provided through the High Throughput and 

Secure Networks Challenge program at the National Research Council of 

Canada. 
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the SLM screen using an adjustable iris. The beam is reflected 
and directed through a non-polarizing 50 / 50 beam splitter 
before impinging upon the reflective SLM screen which carries 
a phase screen which simulates atmospheric turbulence. The 
turbulent wavefront is reflected by the beam splitter and directed 
out to the imaging components using a 4f relay. At this pupil-
plane, conjugate with the SLM plane, is located another non-
polarizing 50 / 50 beam splitter which directs a portion of the 
beam intensity into the reference SH-WFS, and the other portion 
of the beam to the focusing lens. At the focal plane of this 
focusing lens is the DMD. Photodiodes are placed at both of the 
± 24º reflection orientations of the DMD mirrors, each with a 
collimating lens. Subtracting the signals from these photodiodes 
allows a differential measurement for each modulation pattern 
to be collected in one measurement interval [18]. This data 
collection mode will be referred to as the single pixel camera 
(SPC). As an additional reference measurement, a standard 
CMOS camera, referred to as the multi-pixel camera (MPC) can 
be moved into the focal plane in place of the DMD.  

Optical alignment of the system is eased by the use of 
standard 30 and 60 mm cages throughout the assembly, by 
standard optical mounting, and by the use of separate stage-
mounted breadboards for the focal plane and pupil plane. Fine 
displacement, tip, and tilt control is given by the laser collimator, 
corner mirror, and SLM. Focus at the DMD is easily achieved, 
with repeatability, by placing the DMD mount on a micrometer-
driven stage with translation along the optical axis. Instrument 
control, for all components except the SH-WFS, is implemented 
in a Python framework using vendor supplied software 
development kits. Control of the SH-WFS is executed using the 
vendor graphical user interface.  

A. Atmospheric turbulence simulation  

Atmospheric turbulence is simulated using Kolmogorov 
phase screens approximated using the inverse fast fourier 
transform (IFFT) plus subharmonics method [19]. In this work, 
three low frequency subharmonics are used. The strength of 
atmospheric turbulence captured by the phase screen is set by 
defining the desired D / r0, where D is the beam diameter 
measured at the SLM and r0 is the atmospheric coherence length 
(Fried’s parameter). The phase screen is then generated using an 
r0 scaled to the experimental beam diameter on the SLM. The 

effect of compensation optics typically present in AO systems is 
simulated by removing the average tip-tilt across the beam 
profile. Phase screens are generated on a 2048 × 2048 grid which 
is then cropped to the SLM format (1920 × 1200), phase 
wrapped modulo 2π and converted to a 10 bit integer and 
displayed on the SLM.  

B. Imaging techniques and beam propagation simulation  

The focal plane region of interest is determined by 
considering the focusing lens, beam size, and maximum 
turbulence strength. For these results, a focusing lens with a 
focal length of 500 mm was used. With a beam diameter of 
roughly 7 mm, prior to focusing, this lens yields a diffraction 
limited spot size of about 110 µm at the focal plane. Considering 
a maximum turbulence strength of D / r0 = 10 and the scaling of 
the speckle pattern size with D / r0 leads to a focal plane region 
of interest of ~ 1100 µm × 1100 µm.  

The image capture area for all methods is defined by the SPC 
since the DMD has a larger pixel size than the MPC. A Texas 
Instruments DLP4500 employs square mirrors with a 7.8 µm 
side-length, rotated at 45° to form a diamond pattern [20]. The 
1140 rows of the device are pitched at the 5.4 µm, half of the 
single mirror diagonal length, however, the 912 columns use a 
10.8 µm, full mirror diagonal, pitch (for a visualization see Fig 
6. in [17]). This disparity is taken into consideration when 
constructing the DMD display patterns, which incorporate an 
equal number of mirrors in each dimension (but half as many 
columns as rows). In this regard, we consider a region of interest 
of 1382.4 µm × 1382.4 µm, which encompasses 256 rows and 
128 columns. Hadamard patterns were used as the SPC 
modulation basis due to their binary nature, orthogonality, and 
the existence of a fast Walsh-Hadamard transform. A full basis 
set of 64 × 64 pixel Hadamard patterns is used to collect the SPC 
image (4096 patterns), with four DMD mirrors used for each 
pattern pixel. The same region of interest is also captured by the 
other measurement methods; by selecting a correctly sized sub-
region of the MPC pixel array, and by scaling the simulation 
pixel grid to cover this area. For the SPC and MPC, a calibration 
procedure is used to place the beam spot (without a turbulence 
phase screen) at the center of the region of interest prior to 
further data collection. 

The effect of compressive sensing is simulated by a 
retroactive down-sampling of the collected full basis data set. 
Two down-sampling methods are considered. In the first 
approach, the retained indices are the first x % of the Walsh 
(sequency) ordered Hadamard basis [21]. In the second 
approach, a fixed proportion, x %, of the Hadamard indices are 
retained at random. In order to minimize the computational 
overhead, the image reconstructions are performed via an 
inverse fast Walsh-Hadamard transform with the non-sampled 
indices set to zero. This approach has been shown to be suitable 
for high frame rate reconstruction when a suitable basis ordering 
is selected [22].  

The fast Walsh-Hadamard transform is applied to the full or 
down-sampled differential Hadamard data to obtain the 

  
 

Fig. 1: Schematic of the experimental test-bench for development of an 

adaptive optics system employing a single-pixel camera imaging component. 

FCL: fiber coupled laser; PMF: polarization maintaining fiber; LP: linear 

polarizer; WP: half wave plate; BE: beam expander; AI: adjustable iris; M: 

beam steering mirror; BS: beam splitters; SLM: spatial light modulator; L1: 

relay lenses; SH: Shack Hartmann wavefront sensor; L2: imaging lens; DMD: 

digital micromirror device; PD: photodiodes. 
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reconstructed SPC images. The differential data are obtained as 
the difference between the normalized, mean-subtracted 
intensity values from each photodiode. The mean subtraction is 
applied to account for background light and DC offset. A 
measurement artifact observed as bright pixels in the leftmost 
column and uppermost row of the reconstructed image is 
corrected by replacing this column and row by their neighbors, 
retaining the image contrast. These measurement artifacts may 
be associated with detector drift over the measurement period. 
However, no other imaging cleaning was applied to the full and 
down-sampled SPC images, so that the effect of the CS sampling 
fraction on the image quality could be compared for the as-
reconstructed images. In practice, the resolution of these images 
could be improved, for example, by using a filter which is 
informed with the D / r0 dependent power spectral density 
function. 

System alignment and further image quality comparison is 
facilitated by a numerical simulation of the beam propagation 
and speckle pattern. In this work, the methodology of [23] is 
used. The pupil plane electric field is constructed as a plane 
wave with unity amplitude, travelling perpendicular to the pupil 
plane, and with a phase given by the beam profile masked phase 
screen. Simulations are carried out on a 2048 × 2048 grid which 
is scaled to the SLM’s larger pixel dimension. The focal distance 
is used as a free parameter to produce the desired scaling of the 
focal plane simulation area to the imaging region of interest. 

III. RESULTS AND DISCUSSION  

A. System alignment 

A first test of the system alignment is the simulation and 
experimental capture of the diffraction limited spot which is 
produced when a flat zero phase screen is applied to the SLM. 
All images show a well-formed circular spot at the image center 
and a barely distinguishable first order Airy ring at the default 
capture contrast (as used in the figures below). However, minor 
tip-tilt misalignment is detectable in the shift of the SPC 
intensity maximum to the bottom left of the diffraction limited 
spot. Furthermore, a close examination of the Airy rings in the 
MPC image shows that the system retains a small amount of 0 / 
90° astigmatism. The tip-tilt misalignment is visible again in the 
slight rotation of the astigmatism flares away from the 0 / 90° 
axes. Finally, observable in high exposure MPC images, are 
ghost Airy disks to the left and right of the primary pattern. 

These arise from diffraction of the beam off of the SLM pixel 
edges along its superordinal axis.  This extra diffraction also 
leads to a brighter primary disk which appears in clear 
distinction to simulation in some turbulence degraded PSF 
images.  

B. The effect of compressive sensing on image quality  

Phase screens simulating an atmospheric turbulence strength 
of D / r0 = 10 were generated. Here, we focus on the results from 
one of these phase screens. This phase screen as it is displayed 
on the SLM is shown in Fig. 2 (a). The beam profile location is 
marked with a dashed circle. Fig. 2 (b - d) show simulated and 
experimental images of the turbulence degraded speckle pattern 
PSF. In (b) the full resolution simulation is given, (c) shows the 
MPC image capture, and (d) shows the full 64 × 64 Hadamard 
basis reconstruction. All PSF images have been intensity 
normalized and set in the same color scale.  

A good agreement between the location, size, and shape of 
the speckle spots is observed, both in the bright central and the 
finer outlying patterns. An increased contrast in the 
experimental images is observed due to the finite exposure 
periods compared to simulation which offers a single snapshot 
of the focal plane PSF. The structural similarity index measure 
(SSIM) was calculated as described in [24], as a metric to 
compare the images in Fig. 2. The SSIM between the full basis 
SPC image and the full resolution calculated PSF for the single 
phase screen is 0.86. For the MPC image and calculated PSF it 
is 0.31. This difference is attributable in part to the higher 
exposure of the MPC with respect to the SPC and simulation 
which affects both the luminance and contrast comparison 
functions of the SSIM. There is also evidence of the static 
aberration and SLM pixel related diffraction mentioned 
previously in the speckle spot smearing and extra bright central 
spot in the experimental results. It should be noted that the full 
resolution simulation (a) remains at much higher resolution than 
the MPC (b) and SPC (c) images (2048 × 2048, 384 × 384, and 
64 × 64 respectively). 

In Figs. 3 and 4 the centroids of the 30 brightest speckle spots 
have been identified using the peak_finder_max algorithm 
implemented in the Python scikit-image library [25]. The results 
of this search are shown in each image using red dots. Speckle 
spot finding has been carried out at a resolution of 128×128 
using an intensity threshold of 2 % and a minimum spot 

 

 
 

Fig. 2: (a) Simulated atmospheric turbulence phase screen with a turbulence strength of D / r0 = 10 as displayed on the SLM. The phase is wrapped modulo 2π and 

represented using 10-bit integers. The dashed circle denotes the beam profile on the SLM. (b) Simulated, (c) MPC image, and (d) full basis SPC ima ge of the 

corresponding focal plane PSF. 

Chapter 6

111



separation of three pixels. Fig. 3 (a-c) shows the speckle spot 
centroids for the PSF images in Fig. 2 (b-d). Fig. 3 (d) shows the 
speckle spot centroids for the simulation when it is downscaled 
to 64 × 64 before being upscaled to 128 × 128 for the centroid 
identification. This figure is included for comparison to the SPC.   

The addition of the speckle spot centroid points allows a 
more detailed comparison of the simulated and experimental 
PSF images. We observe, that as the source image resolution is 
decreased there is a spreading out of the identified centroids, as 
spots merge and smear into one another. It can also be seen that 
the increased exposure of the experimental images has led to the 
identification of a different set of speckle spot centroids. For 
example, in the spots directly below the central point. The tilted 
0 / 90° astigmatism present in the system may also contribute to 
the redistribution of spots from the top left and bottom right in 
the simulated images to the top right and bottom left in the 
experimental images.  

In Fig. 4, the full 64 × 64 Hadamard basis SPC image has 
been down-sampled using Walsh (a-e) and random (f-j) 
ordering. The compressive sensing percentage, i.e., the fraction 
of measurements which are retained, is given in the Figure for 
each image. CS percentages of 15, 25, 35, and 45% are included 
corresponding to 614, 1024, 1434, and 1843 measurements out 
of the full 4096 Hadamard basis set. The rightmost image in 
each row (subfigures (e) and (j)) shows the full basis SPC image 
reconstruction. It is identical to Fig. 4 (c) and is included for 
comparison. Each of the CS images is intensity normalized after 
down-sampling. 

First, the effect of these down-sampling methods on the 
image itself can be observed. As expected, the Walsh-ordered 
down-sample appears primarily as a loss of resolution along the 
x and y directions. While resolution is lost, the brightest region 
of the image remains centered. This is not the case for the 
random down-sampling method which sees a blurring and 
pixelating effect occur across the whole image area. The speckle 

 
 

Fig. 4: Focal plane PSFs at the speckle spot finder resolution of 128 × 128 with the 30 brightest speckle spot centroids identified by red points. For SPC images 

down-sampled using the (a-e) Walsh or (f-j) random method. The percentage of measurements retained in each image is given in the figure. 

 
 

Fig. 3: Focal plane PSFs at the speckle spot finder resolution of 128 × 128 with the 30 brightest speckle spot centroids identified with red points: (a) full resolution 

simulation, (b) MPC, (c) SPC without CS, and (d) simulation downscaled to SPC resolution source images.  
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pattern is successively buried under this noise becoming less and 
less recognizable as the compressive sensing fraction is reduced.  

The identified speckle spot centroid locations corroborate 
these observations. For the Walsh ordered down-sampled results 
the centroid locations remain central, coming closer as the 
compressive sensing fraction is reduced to 25%, as the bright 
central spots are blurred together, and then, spreading apart 
again at a compressive sensing fraction of 15%, when not 
enough information is retained. A spurious spot is identified in 
the bottom left corner of the images at the lower CS fractions 
due to the smearing of the first column measurement artifact 
which is corrected only after reconstruction of the down-
sampled spectra.  For the random down-sampling method the 
loss of signal to noise is clear in the identification of speckle spot 
centroids which do not have any correlation with speckle spots 
in the full basis image. This is especially evident in the outlying 
regions of the image. Due to the random nature of this method 
the number and location of speckle spots attributable to noise 
does not follow a specific trend with respect to the compressive 

sensing fraction. For instance, for this phase screen PSF the 
measurements retained with a compressive sensing fraction of 
15% accentuate the brightness in the center of the image and 
seem to lead to a better collection of identified speckle spot 
centroids than the CS 25% image. The random nature leads to a 
large variation in the quality of the CS images from one phase 
screen PSF to another (or even for a subsequent down-sampling 
of the same phase screen PSF). On the other hand, the Walsh 
down-sampled CS images for other phase screens tend to follow 
the same trend as the phase screen PSF presented here. 

Fig. 5 shows the SSIM metric calculated for the down-
sampled CS images, with the full-basis (100%) image used as 
the reference. For both the Walsh-ordered and random down-
sampling, the SSIM increases as the measurement fraction 
increases, reflecting increasing similarity to the reference image. 
However, the SSIM is significantly higher for all of the images 
using Walsh-ordered down-sampling, compared to the ones 
using random down-sampling. This is likely due to a large 
influence of background noise on the SSIM metric for the 
images using random down-sampling. 

C. Speckle-based comparison of the image quality  

For applications in wavefront sensing and AO, visual 
comparison, or general image quality metrics such as the SSIM, 
for the reconstructed image quality may not be as relevant, since 
the ultimate aim is to accurately correct the wavefront rather 
than to output a high-quality image. For example, in the method 
outlined in [13], the only parameters retained from the focal 
plane image are speckle spot centroid locations and intensities. 
Furthermore, in that method the plane waves applied as the basis 
for the wavefront correction are weighted on the basis of the spot 
intensities. As a proposed pair of metrics to evaluate the PSF 
image quality for AO purposes, we therefore computed the 
intensity-ordered pairwise distances between nearest spots, and 
the relative errors in the corresponding intensities, for the spot 
locations and intensities obtained from a reference and 
comparison image, respectively. Average values were then 
calculated using an intensity-weighted average, as shown in (1): 

 PWD  = i I0i  ((xi – x0i) + (yi – y0i))  i  I0i , () 

where the pairwise distances are calculated with the x and y 
locations normalized to the image size, i.e. a distance value of 1 
corresponds to the image side length, and (2): 

 RIE  = i  I0i   (Ii – I0i)  0i   i  I0i , () 

where in both (1) and (2) the sums are calculated over the 30 
brightest spot centroids, and (xi, yi, Ii) and (x0i, y0i, I0i) denote 
the positions and intensities of the ith spot in the comparison 
and reference images, respectively.  

Fig. 6 shows the averaged pairwise distance (PWD) and 
relative intensity error (RIE) metrics defined in (1) and (2) as a 
function of the CS measurement fraction, with the non-
compressive or 100 % measurement fraction image as the 
reference. As would be expected, the general trend is an increase 
in the PWD and RIE as the CS measurement fraction decreases. 
However, it is not clear whether these differences are significant: 
for comparison, the same metrics were calculated for three of 

 
 

Fig. 5: Structural similarity index measure (SSIM) for the images with the 

given CS fraction in comparison to the full basis SPC image, for the Walsh 

(blue) and random (red) down-sampling methods, respectively. 

 

 

 
 

Fig. 6: Intensity-weighted average pairwise distance (PWD) and relative 

intensity error (RIE) between the normalized, intensity ordered speckle spot 

centroids for the images with the given CS fraction in comparison to the full 

basis SPC image, for the Walsh (blue) and random (red) down-sampling 

methods, respectively. 
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the experimental PSF images using the 2048 × 2048 resolution 
simulated PSF as the reference, again using x and y length scales 
normalized to the image size for all images. The PWD between 
the MPC image and the simulated PSF is 0.023, and the RIE is 
0.79. For the SPC non-compressive image (100% measurement 
fraction) compared to the simulated PSF, the PWD is 0.026 and 
the RIE is 0.23, and for the SPC image using Walsh down-
sampling at 15% measurement fraction, the PWD is 0.035 and 
the RIE is 0.916. This suggests that the SPC would perform 
nearly as well as the MPC when used to feed an adaptive optics 
algorithm based on speckle spot finding, even for CS fractions 
as low as 15 %. Based on the PWD and RIE metrics, the down-
selection of measurement indices using Walsh ordering is also 
seen to perform better than the random ordering, although the 
difference is not as significant as for the SSIM. This is likely a 
reflection of the greater background noise in the images 
reconstructed from randomly selected Hadamard basis vectors, 
leading to the image processing routine identifying spots in the 
background noise. 

IV. CONCLUSIONS  

We applied a computational imaging approach, using a 
digital micromirror device projecting Hadamard patterns, to 
reconstruct the focal plane intensity images of beams distorted 
by simulated atmospheric turbulence, which was generated by a 
phase-only spatial light modulator. Good agreement was 
obtained between the reconstructed images, standard CMOS 
camera images, and the calculated point spread functions 
obtained by numerical propagation of the applied phase screens 
to the focal plane. Image processing of the reconstructed focal 
plane images was applied to find the brightest spots in the 
speckle patterns. Comparison of the speckle spot positions and 
intensities as a function of the compressive sensing fraction in 
under-sampled images, and of the reconstructed image with the 
numerically calculated PSF, indicates that the computational 
imaging method should perform as well as a standard camera for 
non-compressive imaging, and almost as well at compressive 
fractions as low as 15 %, where the images are used as the input 
to a speckle spot-based adaptive optics algorithm. 
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Chapter 7

Summary and outlook

Harnessing the power in light has already begun to revolutionize our modern society. Solar
power generation at utility and smaller scales energizes the global energy transition. Meanwhile,
photonic power and data transmission in free-space and fibre optics powers 5G+ telecommu-
nications, the internet of things, and safer, more reliable remote sensing. MJ PV offers the
highest performance in both solar and laser based applications but is more expensive than other
PV technologies. This thesis investigates new materials, new design paradigms, and technical
challenges in the application of MJ PV devices to improve their efficacy and competitiveness.
My research demonstrates a number of pathways to improve MJ PV performance: through the
extension of the industry standard MJ solar cell to include a SiGeSn third junction, development
of the subcell segmentation architecture, and incorporation of ML techniques into PV device
design optimization. It also contributes to the development of a cost-effective, infrared-capable
AO technique, an integral technology required to overcome fast signal fading in free-space
photonic power and data transmission.

Chapter 3 gave an example of a classical approach to improving the solar power conver-
sion efficiency of MJ solar cells; extension of an existing material system to include a new
material. SiGeSn was explored as an emerging material which could be used as a third junc-
tion in the InGaP/InGaAs/Ge material system. Chapter 3 showed that a lattice-matched and
current-matched system is possible with a Si0.14Ge0.824Sn0.036 composition. That for the In-
GaP/InGaAs/SiGeSn/Ge device to outperform the 3J baseline, the SiGeSn must have trap-
assisted recombination lifetimes longer than 100 ns when the surface recombination velocity is
5×104 cm/s. It further discussed the loss mechanisms and design challenges in the 4J device.
For instance, an under-production of current in the germanium subcell due to low absorption,
high Auger recombination, and high reflectivity peaks which hinders the device performance
through current limiting.
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Future researchers looking to develop SiGeSn and/or extend the InGaP/InGaAs/Ge mate-
rial system can use my findings on SiGeSn material limits in their process consideration. The
next step for this project would be to enter into an iterative simulation/design/manufacture
loop, as described in Subsection 2.4.2. This would allow a more accurately calibrated device
model but more importantly moves towards a physical prototype device which may be devel-
oped further to increase its technological readiness level eventually leading to its deployment
in societal application. This pathway will require reliable high-quality growth of the pertinent
SiGeSn compositions, which still requires further development [17,188]. Future researchers may
overcome current under-production in the Ge subcell by investigating the use of nanotextured
light trapping surfaces at the front- and/or back-side, increasing the bandgaps of the three top
subcells, replacing the Ge with strained SiGeSn to increase the direct bandgap absorption, or
by employing subcell segmentation. Since III-Vs and group-IV atoms act as dopants in semi-
conductors of the other type, growth of a monolithic structure with both classes of material
typically requires two growth reactors to avoid contamination. This increases cost and com-
plexity and potentially reduces material quality. Same reactor growth of III-Vs and group-IV
semiconductors has been demonstrated [189], but requires further proof. One of the main hur-
dles for a SiGeSn inclusive 4J device is that a suitable material for the tunnel diode connecting
the third and fourth subcells has not been developed. Future researchers must overcome this
issue before a SiGeSn extension of the industry standard InGaP/InGaAs/Ge can reach fruition.

Chapter 4 shifted focus to subcell segmentation, an emerging design paradigm for MJ
solar cells. I explained how segmented MJ solar cells ease the simultaneous lattice-matching
and current-matching requirements by introducing a new design dimension: the number of
segments in each subcell. In Chapter 4 I detail the work I completed to advance a custom
mDBL code for segmented MJ solar cells, and the use of this codebase and other simulation
modalities to investigate the potential benefits of subcell segmentation. Specifically, I showed
how subcell segmentation expands the number of bandgap combinations which can achieve
high efficiency; in the case of a third subcell extension to the InGaP/InGaAs/Ge material
system I show that 36% of the segmented designs across the 0.75-1.25 eV interval can achieve
better performance than their peak unsegmented counterpart (∼1.0 eV) and for generic two-
subcell devices I quantify the expansion in high-performance design space as a function of
concentration factor. I also showed that minimal subcell segmentation can lead to ≥40%
reductions in the thickness of the SiGeSn layers and ≥70% increases in open-circuit voltage
while maintaining comparable power conversion efficiencies to the unsegmented design. Finally,
I demonstrated how subcell segmentation unlocks the potential for CPV operation at extreme
solar concentrations by leveraging the power shift from high currents to high voltages inherent
in the segmented architecture. I showed how peak efficiencies can be pushed into the thousands
of suns and even tens of thousands of suns for one and two junction solar cells and ascertained
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the ideal bandgaps for each concentration and device type.

Segmented MJ solar cells are currently at an early stage of development and much further
research is required to improve their technological readiness. While my research clearly demon-
strates the disruptive potential of the design technique, further study with detailed predictive
simulation and experimental devices is needed to confirm that this potential will translate into
the real world. The commercialization of PPCs with up to 30 junctions indicates that the com-
plexity inherent in the segmented design can be overcome [119]. Due to the growth restrictions
inherent in the subcell segmentation modality, its application will realistically be targeted to
specific applications and/or established high-quality material systems. One example, pertinent
to this thesis is subcell segmentation of the InGaP/InGaAs/Ge material system to obtain better
current matching. This is an interesting option but requires epitaxial growth of germanium
and the inclusion of suitable tunnel diodes for the germanium subcell. As for the realization
of SiGeSn MJ solar cells this requires further development of same reactor III-V and group-IV
growth methods and development of suitable (ideally group-IV) materials to use as the tunnel
diode in the germanium subcell. Other examples include GaAs/GaAs/silicon which takes ad-
vantage of minimal segmentation of high-quality materials which would otherwise be current
mismatched [32], indium aluminum arsenide / indium aluminum arsenide / indium aluminum
gallium arsenide / InGaAs to obtain current-matched wide spectral absorption in an InP-LM sys-
tem [31], InGaP/InGaP/InGaAsP/InGaAsP/InGaAs for a current-matched high material quality
5J design with InP-LM bottom segments and a metamorphic buffer connected top subcell (the
InGaP) [33], and so on. These examples show how subcell segmentation can be a useful tool
in the MJ solar cell design toolbox. Future researchers can look to develop these minimal
segmentation systems further or to use them as inspiration for their own targeted application.

Chapter 5 moves from solar to laser based PV. I outlined how MJ PV devices’ have high di-
mensional and highly correlated design spaces and how modern artificial learning paradigms can
be harnessed to help explore and understand these designs. I target the ML-enhanced design op-
timization of MJ PPCs. My central achievement in this project was the construction of aiirmap,
a Python based framework which combines dimensionality reduction, batch run, databasing,
optimization, and Synopsys Sentaurus TCAD simulation capabilities in an easy to use module.
Chapter 5 explained how this framework has already been used by SUNLAB collaborators to
achieve record PPC power conversion efficiency at 1446 nm illumination wavelength [51], to
explore the effects of luminescent coupling on MJ PPC performance [98, 99], and to optimize
GaAs betavoltaic devices [181–183]. Personally, I used the ML-enhanced framework to optimize
and explore the design space of 10J InGaAs PPCs for operation at 1550 nm. I showed how
the ML-enhanced framework produces over twenty times as many optimal designs with greater
variability and with a 15% reduction in computational cost compared to a classical optimization
method. And, how the construction of the reduced dimensionality subspace implicitly encodes
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device physics and can be used to supplement the design team’s understanding of the design.

The research presented in Chapter 5 opens a door to a new design paradigm for device
design. The ML-enhanced approach allows a larger and more informed perspective of complex
design spaces. The next step for this project, which is part of ongoing studies, is the use of the
aiirmap framework to study MJ PPCs with a flat back-reflector architecture (see Section 5.4)
and will augment its capabilities by including non-linear dimensionality reduction. Further use
of the ML-enhanced approach in the optimization and study of MJ PPCs and betavoltaics
by SUNLAB collaborators is anticipated, as is its use in the design of lasers and single and
MJ solar cells. aiirmap is offered as an open-source module where it can be used to enhance
the optimization of any problems which can be numerically modeled in software which can
communicate with Python. It has been designed and communicated as general purpose and
written to allow easy extension for more simulation softwares and machine learning techniques.

Finally, in Chapter 6, I turn directly to the application of MJ PV, and forward the devel-
opment of a cost-effective, infrared-capable AO technique. AO technology is required to avoid
fast signal fading due to atmospheric turbulence in free-space photonic links for 5G+ telecom-
munications and power-by-light systems. The ubiquity and transmission properties of free-space
require that this solution be cost-effective and infrared-capable, a challenge since this operation
is outside the response range of silicon. Chapter 6 outlined my work to increase the efficacy
and capabilities of an experimental single pixel compressive sensing adaptive optics system. I
achieved previously unattainable high level of agreement between single pixel, multi-pixel, and
simulated focal point spread function imaging methods. And, I demonstrated the potential of
single pixel imaging with compressive sensing fractions as low as 15% to perform almost as well
as multi-pixel imaging when used as input for a speckle spot based AO algorithm.

The development of the experimental single pixel camera compressive sensing adaptive
optics test bench is ongoing. Some next steps for this project include implementation of the
AO algorithm in the test bench, dynamic simulated atmospheric turbulence and its correction,
and latency optimization. Free-space experimentation with a static transmitter-receiver system
on the National Research Council grounds will follow, then, drone or high-altitude balloon based
receiver prototypes as this technology matures towards telecommunication applications in the
real-world. Other avenues for future research include exploration and optimization of the single
pixel imaging basis exploration and optimization, the compressive sampling method, and the
adaptive optics algorithm. For cost and experimental ease (visibility), the current study uses a
650 nm visible wavelength laser, eventually this system will need to run infrared wavelengths in
the targeted telecommunications bands, this functionality remains to be tested.

Overall, this thesis has demonstrated several pathways to improving the applicability and
competitiveness of MJ PV. New materials and new design paradigms for MJ PV are explored and
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technical challenges in the realization of free-space photonic links are addressed. Applications of
this research range from small and utility-scale power generation for the global energy transition
to 5G+ telecommunications, internet of things, remote power and sensing, and more. These
technologies capture the power in light harnessing it for humanity’s growth.
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1 Overview
aiirmap is available as a github repo: https://github.com/rfhhunter/aiirmap

aiirmap is a codebase which interfaces simulation softwares with Python databasing, ma-
chine learning, and optimization capabilities. It was originally designed to couple optoelectronic
device simulations in Synopsys Sentaurus TCAD [1] with principle component analysis [2, 3]
dimensionality reduction. It is written to be easily extendable to new simulation softwares and
machine learning methods. To ease adoption, aiirmap is built upon standard Python packages;
such as pandas [4, 5], scikit-learn [6], tensorflow [7], scipy [8], numpy [9], and matplotlib [10].

The basic functionality of aiirmap is as a databasing tool. Large sets of experiments can
be easily defined using pandas DataFrame based DataBases. They are sent to and collected
from the simulation softwares, manipulated (split, merged, sorted, thresholded, cleaned, etc.),
subjected to machine learning, and analyzed with user-defined runfiles. This highly versatile
run paradigm facilitates comprehensive design of experiments and problem space exploration.
It also empowers machine learning approaches which hinge upon large datasets and flexible,
reliable data pipeline control. DataBases and machine learning instances are saved for later
use with csv and pickle format, respectively.

The remainder of this document is organized as follows: Section 2 provides an opera-
tional overview including install and setup (Section 2.1), an outline of the project structure
(Section 2.2), the basic aiirmap objects (Section 2.3), and an outline of the runfile paradigm
(Section 2.4). Section 3 describes how aiirmap interacts with simulation softwares such as
Synopsys Sentaurus TCAD (Section 3.1). Section 4 discusses implementation of machine
learning algorithms in the aiirmap code. Section 5 gives instructions on how to include new
simulation softwares and machine learning functionalities. Section 6 provides some anecdotal
notes on running aiirmap. Finally, in Section 7 is a list of publications which employ aiirmap
and, in Section 8, persons and entities who contributed to the development of aiirmap are
gratefully acknowledged.

Issues with the code or documentation can be reported in the github repository.

2 Running aiirmap
This section overviews how to install and setup aiirmap (Section 2.1). It then outlines the
project structure (Section 2.2) and custom objects (Section 2.3) to give context to the run
paradigm (Section 2.4), which is built around user-defined "runfiles".

2.1 Install and Setup
"Installation" of aiirmap is straightforward. Retrieve the aiirmap project from the github repo
(https://github.com/rfhhunter/aiirmap) and clone it to your machine. aiirmap uses Python 3.
The specific version is restricted only by the requirements of the packages that it uses. It has
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been verified on Python 3.9, 3.11, 3.12, and 3.13. The remainder of the aiirmap installation
is to install any Python packages it includes, if you do not have them already. The majority
of these are listed at the top of the aiirmapCommon.py file. No specific versioning of the
included Python packages is required. aiirmap operation is verified with up-to-date packages
at the time of the writing of this document (Aug. 2025).

Setup of aiirmap is likewise very easy. All aiirmap requires is a folder with three subfolders
to save output files. This folder is referred to as the filing folder. It can be located anywhere
which is read-write accessible while running the codebase. In aiirmap its location is defined in
config.py using the variable filingdir. Filing folder subfolders are used to organize the output
files. Defined immediately below filingdir in config.py they include a folder for databases and
machine learning instance pickles (dbdir), copies of simulation files (sfdir), and plots (pldir).
No other setup is required to run aiirmap. The remaining variables in config.py set the defaults
for other aspects of the codebase, as described below.

2.2 Project Structure
This section gives a very brief overview of the project structure, primarily to give context to
the runfiles paradigm. For more information on the functions and code architecture please
refer to the extensive comments in the code itself.

The main folder of aiirmap contains the files with configuration variables (config.py), an
import file (aiirmapCommon.py), bash terminal wrappers for a few of the functions (pyDBCol-
lector.py, pyProjectCollector.py, grid-runner.py), and the files for creating Sentaurus command
files (py<2/3>prepper.py).

Several subfolders exist. The utilities folder contains the heart of aiirmap functionality.
Functions are the split topically into different files with relevant names. The runfiles folder is
the location where users can drop their control scripts. A couple example runfiles are included
in the aiirmap repository. The user_manual folder contains the latex files for this document.
And the archive offers a location to drop old files for safekeeping.

2.3 Project Objects
There are two main aiirmap objects; DataBases and aiirMappings. These objects are substanti-
ated as Python classes located in the files utilities/databasing.py and utilities/ml/machine_learning.py,
respectively. This section briefly overviews their intended operation and attributes. For further
details please refer to comments in the py files.

2.3.1 DataBases

aiirmap DataBases are how sets of simulations are realized in the code. They are defined in
the file utilities/databasing.py and this is also where all the functions for their creation and
manipulation are located. The aiirmap DataBase is based upon the pandas DataFrame allowing
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large datasets to be easily and quickly defined and manipulated (cleaned, split, combined,
sorted, thresholded, etc.). aiirmap DataBases are saved as csv files in the database filing
folder for later use. Their attributes are as follows, provided in the order they appear in the
csv file:

• grid [boolean]:
Whether or not the DataBase includes only simulation inputs. This is determined by
whether or not the experiment-outputs column exists in the DataBase.dataframe (see
below for more information). DataBases with only reference and/or simulation input
columns are referred to as "Grids". The first line in a DataBase csv is the comment
"#AiirMap DataBase". The next line will contain the text "GRID FILE" if the DataBase
is a Grid or will be empty if not.

• dbfilename [string ending in .csv]:
The identifier for the dataset; its filename. One line in the csv file.

• dbFile [path string]:
The path to the dataset. Note that this does not need to match its actual location on
your machine, when a DataBase is loaded the accurate dbFile will be used in the code
(and will be recorded if the DataBase is saved). One line in the csv file.

• lineage [list with format of [[datetime string, action description str], ...]]:
A recording of past manipulations of the DataBase. This is saved in the csv file using
multiple lines; one line for each entry in the list with a header line reading "Lineage:".
Lineage inheritance is also implemented. For DataBases created through merging of
other DataBases a few lines of the lineage of these ancestors is recorded in the new
database csv file and distinguished by »» and «« (the size of the inherited lineage can
be set in config.py).

• dataframe [pandas DataFrame]:
The main attribute for the DataBase. This is where your dataset data goes. Simulation
inputs and outputs are given by the columns and are typically indexed with text (for
instance with the parameter and variable names used in a Synopsys Sentaurus TCAD
model). Different experiments (simulation instances) are given by the rows and are
indexed with integers. The DataBase.dataframe has two special columns which act
to separate the dataframe into three sections; reference, inputs, and outputs. These
two columns are defined as experiment-inputs and experiment-outputs (this default
can be changed or added to by editing <in/out>putStartStrs in config.py). They
are placed at the left-side of each section resulting in a column structure which looks
like; db_idx |reference columns|experiment-inputs|input parameter columns|experiment-
outputs|output variable columns (where db_idx is the dataframe index). Note that
db_idx begins at 0, while experiment-<in/out>puts begin at 1 (are the experiment
number rather than its index).

2.3.2 aiirMappings

aiirMappings are the objects which codify instances of machine learning application when data
is transformed. They include the inputs and outputs to the machine learning algorithm as
well as the mapping between them. Information on which algorithm has been employed and

User’s Manual aiirmap Pg. 4
147



how (its hyperparameters) are also recorded here. The aiirMapping class is defined in the
file utilities/ml/machine_learning.py. aiirMappings are saved using the pickle (.pkl) binary
file format. The attributes of the aiirMapping object, in the order given in the code, are as
follows:

• mapType [(a specific) string]:
The label for the machine learning algorithm which was used. The labels for the imple-
mented algorithm are pca and ae. pca is the label for principle component analysis, a
linear dimensionality reduction technique [2, 3]. ae is the label for nonlinear dimension-
ality reduction using autoencoder architecture neural nets [11].

• mapName [string]:
Descriptor for the aiirMapping instance. As opposed to DataBase.dbfilename this string
should not end in .pkl.

• mapFolder [string path]:
The path to the folder containing the aiirMapping pickle file. Note that this does not
need to match the actual location of the pickle file in the code, when the aiirMapping
is loaded then the accurate location is used in the code and will be written to file if the
aiirMapping is saved.

• settings [dictionary]:
These are the hyperparameters for the given machine learning algorithm. Each algorithm
has different hyperparameter options and thus different settings dictionary structure. For
the aiirMapping.settings structures specific to each algorithm see the comments at the
top of the aiirMapping class definition.

• ml [machine learning object]:
Also located in utilities/ml/machine_learning.py is the definition of classes for each type
of machine learning algorithm (so far only DimensionalityReduction). These objects
package the actual machine learning objects created by the scikit-learn or tensorflow (or
other package) functions for later access.

• filteredInputDB [DataBase]:
This is the aiirmap DataBase with the input data for the machine learning algorithm.
Filtering refers to the fact that the experiments in this dataset have been cleaned and
thresholded, it contains only the data which is actually being used as input to the
algorithm. This DataBase contains all columns present in the original DataBase for this
filtered data.

• filteredInputGrid [(Grid) DataBase]:
Very similar to the previous attribute but now the reference and outputs columns have
been removed. Input columns which are extraneous to the machine learning training have
also been removed in a process called column cleaning (see the function dbDRCleanCols
in utilities/databasing.py for more information). This is the training data (only).

• results [dict]:
The outputs from the machine learning algorithm. Each algorithm will have different
outputs according to type and intended operation. For the aiirMapping.results structures
specific to each algorithm see the comments in the aiirMapping class definition.
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2.4 Runfiles
aiirmap provides the functions and objects for a versatile simulation flow control. It is up to the
user how to they want to use this functionality and, indeed, the exploratory nature of design
and machine learning enhanced design means that this use will evolve. "Runfiles" are simply
the user scripts written to access aiirmap functionality. Users may also directly use the Python
terminal if they prefer. All aiirmap capabilities are imported by including aiirmapCommon.py
at the start of your script (from aiirmapCommon import *).

Typical runfile operations are listed below. These are just examples offered to spark the
user’s imagination. Any desired functionality can be included in runfiles and organized as the
user sees fit. Runfile functions may also be loaded as modules into other runfiles. General
useful functionality can be ported into the aiirmap utilities and shared if the user wishes.

Potential runfile operations: Creating a new DataBase and filling it with data to send as
input to the simulation software. Creating a new DataBase from one or more other DataBases.
Loading a DataBase and running analysis or machine learning and potentially outputting a
new DataBase for further simulation. Comparing performance across DataBases. Designing
specific investigations. Creating sequential simulation run operations. etc.

3 Simulation Software Interactions
This section outlines how aiirmap interacts with the simulation softwares which have been
implemented in its environment. As mentioned, aiirmap has been designed in a manner which
allows it to be extended to include other simulation softwares. The procedure for adding new
softwares into the code is outlined in Section 5 below. Users may add subsections here out-
lining their software interface.

3.1 Synopsys Sentaurus TCAD Interaction
Synopsys Sentaurus TCAD is an finite element analysis optoelectronics device simulator [1].
aiirmap was originally written to interface Python with Sentaurus to provide databasing and
machine learning capabilities. Sentaurus interacts with Sentaurus in two ways; collection of
simulation results and (batch-capable) run control.

Collection of results is instantiated in the Sentaurus project flow using the Sentaurus
Python tool. aiirmap includes a script (py2prepper.py) which writes the command file for
this tool during preprocessing to allow maximum flexibility in the strict Sentaurus operation
flow. One creates the Python tool in their project and then includes the following line in their
project tooldb file: ’set WB_tool(gsub,prologue) { exec python $wdir/path/to/py2prepper.py
$wdir }’ (do not include the quotation marks). Due to the order of operations in Sentaurus,
the collector tool first writes the input parameter values and the nodes associated with each
experiment into a csv file in the Sentaurus folder, this occurs during preprocessing. The rest of
the operations occur when the project is finished or when requested by the aiirmap user (using
pyProjectCollector.py, pyDBCollector.py, or other scripts which run the functions for which
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those files are bash wrappers). At that point, the output variable values are collected from the
Sentaurus gvars.dat file, matched with the input parameters using the node numbers in the col-
lector csv file, and together saved to an aiirmap DataBase (see utilities/sReadAndInteract.py
for more information). aiirmap also writes a second csv in the Sentaurus project folder which
records the execution times of the nodes. Pertinent Sentaurus files, as defined in config.py,
are then copied to a project subfolder in the simulation files filing folder.

It can be noted that the aiirmap Sentaurus collection protocol allows for use of the Sen-
taurus gopt optimization tool which creates child projects for the optimization of each design.
These are tracked and linked to their parent algorithmically in the collection code.

The second functionality, Sentaurus run control, was written for two reasons; 1) the ease
at which one can define experiments, including large numbers of experiments, in a Python
environment, as compared to the Sentaurus GUI, and 2) to enable large dataset runs using a
batching functionality which was required to overcome memory issues inherent to the version
of Sentaurus which was being used. The Sentaurus batch run control is instantiated through
protocols which directly write the Sentaurus project’s gtree.dat file which codifies the state
of the Sentaurus workbench. The grid-runner.py wrapper file runs an automatic procedure
which takes an input database, splits it into easy to handle subset databases, which it runs
sequentially, collecting and collating the results as it goes.

Further details on Sentaurus interaction are found in the comments in the code (specifi-
cally, see py2prepper.py and the wrappers in the main aiirmap folder).

4 Machine Learning Algorithm Implementations
This section outlines the different machine learning algorithms which have been implemented
in the aiirmap framework. Users may add subsections here for added functionality. Comments
on adding new machine learning functionality are provided in Section 5.

Implementation of machine learning follows two methods depending upon the class of ma-
chine learning algorithm. First, for machine learning algorithms which act upon a dataset
adding information or providing analysis but not necessarily transforming the data, a simple
file with functions may be used. A number of clustering algorithms have been implemented
this way. These include DBSCAN [12], HDBSCAN [13], KMeans [14], and Agglomerative
Hierarchical [15]. This functionality is located in utilities/ml/clustering.py. Functions apply
clustering to a DataBase, compute centroids and simple statistics, and auto-split DataBases
according to cluster. Please see the code for more information. The second machine learning
implementation is used for algorithms which transform the data. The included example being
principle component analysis [2, 3] and autoencoder-based [11] dimensionality reduction.
These implementations use the aiirMapping object described in Section 2.3. A brief outline
of aiirmap dimensionality reduction is below.
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Figure 1: aiirmap dimensionality reduction enhanced design schema. FOM indicates a chosen
figure of merit. Figure sourced from [16].

4.1 Dimensionality Reduction
aiirmap dimensionality reduction was designed to execute the schema shown in Figure 1 [16].
Top designs from a first stage of multi-start optimization are used to train the dimensionality
reduction algorithm which identifies a latent high-performance design subspace of reduced
dimensionality. A grid of points are generated to survey this subspace and are projected back
out into the full design space and used as start points for a second stage of optimization.
More information on this method and its advantages can be found in [16].

The dimensionality reduction implementation is located in utilities/ml/machine_learning.py.
This functionality, including the aiirMapping object, reflect the schema shown in Figure 1.
Functions take a DataBase clean and threshold it, apply dimensionality reduction, and then
use the reduced space to generate a grid of designs which is projected back into the original
design space. This is completed via the applyDR function. The exploratory nature of machine
learning application led to the further development of so-called "DR investigations". These are
sets of multiple dimensionality reduction (DR) runs with differing parameters which are applied
to the same input data and saved together in the form of a pickle and pandas dataframe csv.
See the code, specifically investigateDR, for more info. A wrapper which automatically de-
tects whether a single or multiple/investigation dimensionality reduction is being run is found
in runNewDR. Some functions for analyzing the reduced space and the reconstruction of data
(when datapoints are projected into and then back out of the reduced space) are also provided.

5 Adding New Simulation Software or Machine Learning
Algorithms

The design philosophy of aiirmap is for it to be a general purpose framework which allows any
simulation softwares which can communicate with Python to be coupled to all of the powerful
databasing, optimization, machine learning, analysis, visualization, control, etc. capabilities
written in Python packages. New simulation softwares can be added, as can new machine
learning algorithms. This section will briefly outline the procedures for each.

Adding new simulation softwares into aiirmap will depend highly upon the context. Specif-
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ically, how the new software communicates with Python. The main functionality of the new
interface is to be able to collect a correctly formatted DataBase csv. It is suggested that
the user familiarize themselves with the DataBase format as described in Section 2.3 above
and in utilities/databasing.py. Other functionality may be added, such as run control and/or
storage of simulation files but is not required (although the author does suggest run control to
allow two-way communication between aiirmap and your software). Interaction with Sentaurus
provides all three of these functionalities and may be used as an example, see Section 3.1 and
utilities/sReadAndInteract.py for more information. As the Sentaurus TCAD section outlines,
the interaction between Sentaurus and aiirmap is a bit convoluted due to the operational
paradigm of Sentaurus, new software implementations may contain many less functions than
was required in sReadAndInteract.py. Sharing the added software functionality in the github
repository is greatly appreciated! Please write a new utility file similar to sReadAndinteract.py
with the new interface and feel free to add a section to this document outlining its use (locate
it in Section 3).

Adding new machine learning algorithms into aiirmap can be done two ways. If the new
algorithm use is light, exploratory, or time-constrained the user may find it sufficient to im-
plement the new algorithm only within their personal runfiles. On the other hand, if the new
algorithm use is substantial, requires standardization, or if the user has the intent to share
implementation of the new algorithm involves the creation of new aiirMapping variants or
addition of similar objects, as the user sees fit. The description of aiirMapping objects in
Section 2.3 above and the architecture and comments in utilities/ml/machine_learning.py are
pertinent in this case (take care to note how two different dimensionality reduction methods
are included). The hope is that a large majority of machine learning algorithms will be able
to fit into the aiirMapping form factor which would act as a standardized frontispiece for
machine learning functionalities which transform the data. Sharing of added functionality in
the github repository is greatly appreciated! Please include a brief overview of how to run the
new algorithm as a subsection in Section 4.

6 Notes
Please be aware of the following points:

• The plotting subfolder (pldir) is not used by a great number of the plotting functions.
Suggested practice for these functions is to screenshot or save your plots directly from
the matplotlib figure window. This course of action allows the user to adjust the aspect
ratio and make sure all figure components are visible for each image.

• The amverbose variable (found in config.py) is meant as a global switch to turn off or
on extra terminal output. It is only partially implemented.

7 Publications
The following peer-reviewed publications have utilized the aiirmap framework, listed from
newest to oldest:
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• R.F.H. Hunter, "Next-Generation Multi-Junction Photovoltaic Design Paradigms and
Adaptive Optics Techniques for Telecommunications Applications and the Global Energy
Transition," Ph.D. Thesis, University of Ottawa, Aug. 2025.

• R.F.H. Hunter et al., "Machine learning enhanced design optimization and knowledge
discovery for multi-junction photonic power converters," Scientific Reports, Aug. 2025.
doi: https://doi.org/10.1038/s41598-025-16408-4

• M. de Lafontaine et al., "Figures of merit to quantify carrier collection in betavoltaics:
Gain and gain efficiency," Cell Reports Physical Science, 102789, Aug. 2025. doi:
https://doi.org/10.1016/j.xcrp.2025.102789

• G.P. Forcade et al., “Multi-junction laser power converters exceeding 50% efficiency in
the short wavelength infrared”, Cell Reports Physical Science, 6(6):102610, May 2025.
doi: https://doi.org/10.1016/j.xcrp.2025.102610

The following scientific conference presentations (some with proceedings) have utilized the
aiirmap framework:

• M. de Lafontaine et al., "Optimizing Tritium Powered GaAs p-i-n and p-n Betavoltaic
Cells," 14th International Conference on Tritium Science and Technology, Ottawa,
Canada, 2025.

• P. Wilson et al., "Impact of Luminescent Coupling on Multijunction InGaAs Photonic
Power Converters under Current Mismatched Conditions in the C-Band," Photonics
North 2025, Ottawa, Canada, 2025.

• P. Wilson et al., “Quantifying the luminescent coupling process in C-band multi-junction
photonic power converters," Photonics West, San Fransisco, USA, 2024.

• R.F.H. Hunter, "Using machine learning to optimize multi-junction photonic power con-
verters," SPIE OPTO 2024, San Francisco, California, United States, 2024.

• K. Hinzer et al., “Multi-junction photonic power converters: AI enhanced design opti-
mization,” 52nd IEEE Photovoltaic Specialists Conference (PVSC), Seattle, USA, 2024.

• K. Hinzer et al., “C-band Multi-Junction Photonic Power Converters: AI Techniques for
Optimized Designs and Role of Luminescent Coupling," 6th Optical Wireless and Fiber
Power Transmission Conference (OWPT), Japan, 2024.

• Y. Grinberg et al., “Dimensionality Reduction in Photonics Design – New Methods and
Applications,” Photonics North 2024, Vancouver, Canada, 2024.

• M. de Lafontaine et al., “p-i-n Betavoltaic Cells under 63Ni Irradiation: Quantifying
Carrier Collection and Power Output," 52nd IEEE Photovoltaic Specialists Conference
(PVSC), Seattle, USA, 2024.

• G.P. Forcade et al., “High-Performance Multi-Junction C-Band Photonic Power Convert-
ers: Calibrated Optoelectronic Model for Next Generation Designs," 50th IEEE Photo-
voltaic Specialists Conference (PVSC), San Juan, Puerto Rico, 2023.

Users may feel free to add their publications and presentations to the lists. These lists are not
considered exhaustive.
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