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Abstract

Modeling, Machine Learning, and Additive Printing for the Solar Cell Grid
A Meditation on Wire Widths

Oliver Nakano-Baker

Chair of the Supervisory Committee:
Associate Professor J. Devin MacKenzie

Materials Science & Engineering

The front electrode grid of a solar cell solves a simple problem: it must move current from
the solar cell area to a sink. In doing so, it must minimize the resistive power losses incurred
in transit while minimizing the size of the shadow it casts on the underlying photovoltaic
material. The optimal geometry to achieve this may become complex depending on the
material and scaling properties of the system. It may share morphological aspects with the
natural systems that solve similar problems, such as leaves, veins, and waterways.

The underpinnings of solar cell grid optimization are a set of well-known equations
describing the principal sources of shadowing and resistive power loss. We challenged two
assumptions that have been long entrenched in the field: first, that colinear line arrays are
strictly optimal when designing solar cell grids. In fact, there is a class of isotropic grids that
can outperform linear arrays in certain conditions. Second, that constant grid line height
describes most grid applications. Instead, in the era of additive and printed electronics,
many grids may be subject to virtuous scaling - the property that larger wires become more

efficient conductors.

Under virtuous scaling, complex ramified electrode structures become optimal. A dy-
namic graph approach was developed to model these electrode patterns, and a locally greedy
approach to optimize them realized novel electrode patterns with 1% performance over stan-

dard linear grids. The continuous width variation inherent in these patterns presented a



control challenge for an additive process attempting to print them. An electrohydrodynamic
(EHD) inkjet printing approach was proposed; the powerful but difficult-to-control additive
technique would be combined with machine learning (ML) model-based control.

Rapid serial experiments on the EHD produced a large dataset of training samples. ML
models were trained on this data to predict the jetting and deposited feature characteristics
of the EHD as a function of the input waveform. Transfer learning was demonstrated
between EHD task datasets using a performance-gated mixture-of-experts ensemble, and
zero-shot models were trained for use in a model-based control algorithm. Model-based
control of the EHD, paired with a single proportional tuning adjustment, was able to achieve
S5pum error when printing lines and 1um error when printing dots, both over at least one
decade of feature sizes. This capability enabled EHD printing of micron-scale ramified solar
cell electrodes with ML-produced recipes. These steps demonstrate a complete journey
from concept to prototype, in which computational tools model, optimize, and ultimately

manufacture a novel engineered electrode structure to improve solar cell performance.
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GLOSSARY

AC: Alternating Current. In context of an EHD ML waveform, the alternating compo-

nent of a waveform.

AFG: Arbitrary Function Generator. Hardware capable of producing high-fidelity, arbi-

trary waveforms on demand.

AL:  Artificial Intelligence. A field of study focused on artificial autonomous agents that

can act "intelligently”, i.e. in a goal-oriented fashion and reactive to its environment.

AUC: Area Under the Curve - generally, area under the ROC. A metric for the ability of
a model to separate two classes of datapoint. ROC-AUC = 1.0 indicates a perfectly

accurate model on a classification task.

CELL: In this work, ”"cell” may mean any of: a biological cell comprising or being part
of a living organism, a solar photovoltaic cell capable of converting photons to elec-
trical current, one agent in a cellular automation model that acts based on its local

surroundings based on a rule-set.

CFD: Computational Fluid Dynamics. A class of computational physics models that

approximate the behavior of fluids in motion.

DC: Direct Current. In context of an EHD ML waveform, the bias or offset component

of a waveform.

DEP: Dielectrophoresis. Describes a phenomenon where a non-charged polarizable par-

ticle experiences a force when exposed to a nonlinear electric field.

viii



DMD: Dynamic Mode Decomposition. A dynamical modeling framework that employs
a principle-components representation of modes of motion in a dynamic system to
characterize the relationships between said modes in time. The model can, in principle,

”play forward” a compressed version of a dynamical system given a starting condition.

DMDC: DMD with control. A DMD variant that admits external energy inputs, e.g. an

external control of a dynamical system.

EHD: Electrohydrodynamic, describing a system with fluid flow influenced by electric
fields. In this work specifically, an electrohydrodynamic inkjet printer. A method of
additive material deposition whereby ink is jetted onto a substrate. Electrodes charge
the ink and ground the substrate, resulting in a voltage differential that pulls ink
droplets or jets from a nozzle to the substrate. EHD printing is capable of printing
inks with a wide range of viscosities and properties and can produce features down to

the micron scale.

FTL: Follow-the-Leader, a learning algorithm for in online convex optimization that

selects models based on their performance on past data.

GATHERING PROBLEM: For this work, the problem that is solved by transport networks
that suffuse an area or volume in order to gather a resource and deliver it to a point

sink.

IPA: Isopropanol, or isopropyl alcohol, commonly rubbing alcohol. Solvent used to clean

silicon substrates in this work.

KNN: k-nearest neighbor model. An ML model that estimates the value of new inputs

by comparing it to the k most similar inputs it has seen before.

MAE: Mean Absolute Error. mean(Y — Y”), or the average of all errors between true

values and a model’s predictions.

X



MAPE: Mean Absolute Percent Error. 100 mean(%w), or the average of all percent

errors between true values and a model predictions.

ML: Machine Learning. A field of study focused on artificial models that can be trained
on or fit to observational data in order to reproduce, organize, or make predictions

about future similar data.

MLP: Multi-Layer Perceptron. As implemented by SciKit-Learn, a fully-connected neu-

ral network with a single hidden layer.

MOE: Mixture of Experts. An ensemble machine learning model where one or more ”ex-

pert” models are selected to perform inference from a large pool of potential models.

MOE-FTL: Mixture of Experts with a Follow-the-Leader gate. A mixture-of-experts
model that selects a single expert model for inference by choosing the model with

the best performance on recently-observed data.

MSE: Mean Squared Error. mean((Y —Y”)?), or the average of all errors squared between

true values and a model’s predictions.

MSLE: Mean Squared Log Error. mean((log(Y + 1) — log(Y' 4+ 1))?), or the average of

all errors between the logs, squared, of true values and a model’s predictions. Because

(log(Y +1) —log(Y'+1) = log(}},/,fl), it can also be interpreted as the mean log ratio

squared of true to predicted values.

NN: Neural Network. An ML model that employs one or more learnable linear layers,

followed by a nonlinear activation function.

PC: Personal Computer. A desktop windows computer.

Cov(X,Y)
oxoy

PEARSON CORRELATION: , a measure of the linear correlation between two sets

of data.



PTFE: Polytetrafluoroethylene, commonly Teflon, a fluoropolymer used to make syringe

filter media that was used to filter ink in this work.

PV: Photovoltaics or a photovoltaic cell. A material or device containing a material

that reacts to incident photon radiation by producing voltage.

RF: Random Forest model. An ensemble machine learning model comprised of many

simple decision trees trained on different random slices of a dataset.

ROC: Receiver Operating Characteristic Curve. A plot describing the true positive vs

false positive rate of a binary classifier as its decision threshold is varied.

S1J:  Super Ink-Jet. A commercial EHD inkjet printer manufactured by SIJ, Inc., Japan

SVD: In this work, a Compact Singular Value Decomposition. The SVD of matrix M
is M = UXVx. It is an decomposition of the real or complex matrix into compo-
nent eigenvectors and eigenvalues, where X is a square diagonal matrix containing

eigenvalues of M.

UW: The University of Washington, the university where the research in this work was

carried out.

VIRTUOUS SCALING: A property of channels in a transport network where an increase

in the size of a channel makes it disproportionately better at transporting resources.

WCET: The Washington Clean Energy Testbeds, a UW-affiliated open research and lab-
oratory space in Seattle, WA, where much of the hardware used in this research was

located
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Chapter 1

INTRODUCTION: THE BEST GRID

What is the best front solar cell grid? It may seem like an innocuous question. Easily
overlooked is the humble electrode. In modern solar cell development, new and promising
active materials take up much of the spotlight. However, in some circumstances, solar cell
grid optimization is an unsolved problem. Improvements to the state of the art can be
economically meaningful, and the technologies used to manufacture front grids continue to
evolve.

Today, in 2022, the world is pivoting quickly to renewable energy sources to reduce
the future effects of global climate change due to atmospheric CO3 from fossil fuels.[97] In
this transition, solar power has, unsurprisingly, emerged as a mainstay of the new global
energy diet. Power from the sun is free and plentiful in much of the world, so, naturally, solar
photovoltaics are among the most dominant of all emerging renewable power sources, second
only to wind and hydroelectric in the US in 2022.[1] Utility-scale solar energy has increased
by at least 20% each year for the past decade in the US,[123] and PV projects account for
over half of all future planned installations. [2] With solar panels providing an ever-increasing
share of utility-scale power, incremental improvements in efficiency and output can result
in significant power gains and competitiveness. For example, a mere 1% relative increase
in module efficiency would have corresponded to an additional 3.65 TWh of solar energy
produced in the US in 2020, worth about $389 million at the going utility rate.[3]

The original thrust of this project aimed somewhat lower than transforming the world:
all I wanted to know was how to build the best solar cell modules for one research group.
When I arrived at the lab of J. Devin MacKenzie at the University of Washington in 2017,
front electrode optimization was the first task I was handed, in the form of a few pages

of hand-drawn equations by Caitlin Cramer and a clear directive - figure out the shape



of an ideal front electrode. It was a task meant to occupy a month or two of my time
as I came to grips with a new lab and coursework and so on. Five years later, I don’t
yet have an answer! In fact, depending on the conditions of manufacturing and solar cell
use, the search for ”optimal” front grid layouts may be genuinely intractable. Add in the
question of manufacturing the things, and the problem becomes truly massive. Luckily,
there are some interesting findings on the path to the intractable bits. Electrodes have deep
connections to biology and at least one computationally unsolvable problem. When you dig
deep enough into the minutiae of solar cell grids, their structure, and their manufacture, you
find curiosities. Before diving into that well, we should become acquainted with the main

components of a solar cell and a basic set of operating requirements for its front electrode.

1.1 The Parts of a Solar Cell

Solar photovoltaic panels directly convert light

to power by capturing photons in an active layer S S S

of semiconductor material. Incident photons ex- [ [1 [1 [ Frontelectrode
TCO

cite single electrons in the active layer, promot- p:a-Si

ing them from lower level energy states in the

. X X Absorber

material’s valence band to higher level states in

the conduction band, where the electrons be- i:a-Si
n:a-Si

come mobile. The materials that can play host Back electrode

to this process due to a favorable energy band

Figure 1.1: Schematic cross-section of a

gap - doped silicon, organic semiconductors, I11I- ) .
typical doped silicon full-back-contact so-

V composites, CdTe, CIGS, quantum dots, and )
lar cell device stack. Reproduced from
lead-halide perovskites among them - are the 5]
most common protagonists in PV research.[98]
However, electron excitation is just the first step
in a series of engineered processes that must take place to make practical use of solar energy.
The second step in this process involves the separation of positive and negative charge

carriers (i.e., holes and electrons) before they recombine. This is done first by the standing

field in the absorbing layer, then individual carriers are captured by electron- and hole-



transport layers on either side of the absorber. Charge carriers at the back side of the
cell pass to a solid metal electrode at this point, but those at the front must navigate
a structure that is both electrically conductive and optically transparent. This typically
involves a continuous transparent conducting layer of some kind - a heavily-doped silicon
layer or transparent conductive oxide such as indium tin oxide (ITO) - and grid of metal
lines forming the front electrode.[79, [150]

From there, charge carriers pass through a series of wires that gather current from one
or more individual PV devices in a solar cell module and transport it to a battery, a load, or
an electrical grid. For utility-scale PV, the charge carriers may navigate transmission lines,
city-scale power networks, or long term storage in the batteries of cars, homes, factories,
or utility-scale storage. From the moment a photon excites an electron in a PV absorbing
layer, the engineering challenge of solar power is a series transport problems. How can these
many systems be engineered to efficiently and economically distribute the power weaned

from photons to points of application?
1.2 Front Grid Requirements

The transparent front electrode is the second of these transport problems, after charge
separation. It presents a characteristic trade-off, in that this layer must be both conductive
and transparent. In materials terms, this is a contradiction. The very property that creates
a conductive material - a high-density continuous band of electron energy states at the
Fermi energy level - makes it highly optically absorbent.[49] (We know from experience that
metals are not see-through!)

There are two approaches to solving this: the first is to use one of a class of trans-
parent, conductive metal oxides have been found to be both decent conductors and rela-
tively optically transparent.[51] The second is to use a discontinuous array of metal grid
lines, where the individual lines cast some shadow but allow most light through. Thus
while the intrinsic role of the PV front electrode is straightforward as a simple metal-
lic conductor, it presents a characteristic design challenge: large metal lines that min-
imize resistive losses to overall power conversion efficiency cast a larger shadow on the

underlying solar cell material, reducing the harvestable photogenerated current. The op-



timization of these two characteristic losses has been well studied both numerically and
experimentally.[96, 125, 119, 40, 126] [152] 26] 28|, B3] 149, 22, 85, 41l 104] These existing
models will be explored in more detail in

In general, the principal power losses created by a solar cell’s front electrode array arise
from the array’s shadow, resistive losses in the lines, and resistive losses in the underlying
front semitransparent conductive sheet or heavily doped semiconductor as current transports
laterally from near the sites of photogeneration in cell active layers to the grid. The goal of
front grid optimization is simply to minimize the sum of these losses, thereby maximizing
the total electrical power return from the solar cell. This problem, where costs must be
balanced to optimize the size and morphology of a transport network, is emblematic of a
larger class of such problems which can be encountered in nature and throughout our daily

lives! Let’s call it ”the gathering problem”.
1.3 The Gathering Problem

Consider some of the structures presented in - a diverse collection of geological
and biological systems that range in size from microscopic to continental. All of them are,
in some way, solving a problem in this work called the ” Gathering Problem.” The puzzle
is this: there is an area or volume across which a resource is distributed. For it to be
useful, the resource must be transported to a sink - that is, a single point, set of points,
or subset of the volume. When the resource arrives at a sink, a reward occurs. However,
transporting the resource comes at a high cost when the resource must move within the
substrate that produces it. So we introduce a second phase to the system that is well suited
to transporting the resource but produces nothing by itself. The transport phase may also
come with its own associated costs. The system’s goal is to maximize reward by providing
as many resources to its sink(s) as possible while minimizing the transport costs.

A commonality across transport networks is the remarkable complexity that arises from
a simple premise. The resource may be a perfectly uniform field prior to the introduction
of the sink, and the gathered resource after the sink is just some flow quantity, a mass of
fungible stuff. But the intervening system between these two homogeneous states is complex,

even fractal in nature, with complex morphologies that arise from a common set of scaling
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Figure 1.2: Transport Networks for The Gathering Problem. [A] H-bar front grid of a
solar cell. [B] X-ray of an insect’s tracheal system.[59] [C]The watershed of the Mississippi
River. (credit: https://www.usgs.gov) [D] Micrograph of a single Purkinje brain cell.
(credit: Andrew Shuster) [E] Water runoff pattern in sand. [F] Venous pattern in a leaf.
[G] Transport network in the slime mold physarum polycephalum[107] [H]Micrograph of leaf

vasculature. (credit: Athena McKown)


https://www.usgs.gov

laws and a characteristic balancing of the costs of transport. It may be tempting, especially
with a neuron in the gallery, to draw analogies between these patterns and intelligence,
entropy, and evolution. Be that as it may, this work is more interested in the practical
application of such patterns, the tools needed to design them, and how to create systems
that deploy them to address engineering transport challenges.

Systems that solve the gathering problem often deal with continuum flows: quantities
of a media, such as nutrients, water, or heat, that move through the system continuously.
In this work, the gathered resource is electrical current. Some of the systems pictured are
co-optimized for fault or damage tolerance, but as we approach solar cell optimization we
will be focused solely on reward maximization. Specifically, the reward function can be
defined as the total power output of the solar cell system, calculated T" = I'V where total
power T in Watts is the product of current I in Amperes and voltage V' in Volts collected
at the sink. (In this work, the variable P will often be used to describe power losses, while
T is reserved to represent the final, all-in power reward. Hopefully, this alleviates more
confusion than it creates.) Each gathering system is defined by its particular trade-offs of
costs and losses, and the solar cell is no different: the material properties of the solar cell
junction and the electrical conductivities of the solar cell and transport grid will ultimately
give rise to the morphology of optimal transport networks. The most commonly used of
these symbols are summarized in From these properties, we can define a simple

methodology to calculate the principle sources of power loss in solar cell front electrodes.

1.4 Calculating Solar Cell Losses

Power losses in solar cell front grids come in two flavors: shadowing losses and resistive losses.
In general, shadow losses in solar cells can be estimated based purely on geometry, assuming
perpendicular incident light, no internal reflections, and zero transmission through the metal
bars. (Assumptions rarely survive contact with the enemy, but for these initial modeling
efforts, these will do.) Resistive losses must contend with a continuous accumulation of solar
current everywhere in the solar cell, so the basic formula for current-based resistive power
loss, P = I’R, must be modified to account for this variable current. Using the variables

illustrated in the resistive losses of solar current moving through a sheet would



Table 1.1: Symbols and Units for Front Grid Numerical Models.

Symbol | Description Units
R Solar cell radius cm

b Grid pitch cm

w Grid wire width cm

h Grid wire height cm

€ Sink radius cm
Pmetal Metallization resistivity Qcm
prc Transparent conductor sheet resistance | 2/sq
Jsol Solar current density A/em?
Vop Operating voltage \%

be

A
= 042 . .
P_/O I(a)%R (1.1)

Here 0R = P=keet§oy is a "unit of resistance” from an increment of sheet material parallel
to the electrical current vector. I(a) = Jgpqrax is the total current accumulated in the
sheet. Note that z would be a function of « for any non-rectilinear geometry. Also, while
Psheet here is a sheet resistance with units [2/sq.], the formula can be adapted to any
expression of electrical resistance. L.e., for a bulk material with a known height we would
have §R = £meteriel doy where ppaterial has units [Q — cml.

The equations that result from calculating the individual shadowing and resistive losses
for several grid designs are shown in [Figure 1.4l Notably, the equations for the hexagonal
and square grids are the same. Also note that the triangle equations also become equivalent

: 3
if btriangle — §bsquar6-



Geometry Shaﬂv Contact ___[Sheet — . Lines (assuming linear bus bars) _
Hex A 1 2% [JLOCC '%‘pcontact'ﬁ [JLOCC ‘\%'Psheet'f[i:c '1_12'pwire'l-2'£
— l 2% [JLOCC ‘%'pcontact' ﬁ [JLOCC '3i2'p5heet i [JLOCC '%'pwire . i . ﬁ

Figure 1.4: Equations for the principle sources of front grid power loss for several electrode
geometries. All expressions are unitless, i.e., they express the fraction of total ideal power

gathered by the solar cell that is lost in shadow or transport.

1.5 Looking Ahead

There: done! The solar cell grid problem has been quantified, all its secrets laid bare in
cold math, and all that is left now is to solve some equations and go home. That is more
or less what I thought at this juncture. In a sense, I was correct: the solutions to these
types of equations had long been understood, their optimal values mapped out since the
70s. However, those old solutions used old assumptions, and today’s energy manufacturing
landscape had some new angles. Solar cells did not have to look how they used to - bus
bars passed through to the back side now, and alternatives to silicon were on the rise. The
success of perovskites and the promise of an all-printed solar cell brought a new set of
additive techniques to the fore.[I0} 4] Would we soon be printing electrodes? Would we be
stuck with indium tin oxide conductive layers, or could we create electrodes small enough to
replace them? In the new additive landscape, there were questions to be answered. What
would an optimal printed electrode look like, and how could we go about creating it? I

started back at the beginning.

In a numerical description of the principal sources of power loss and their
trade-offs were developed for several front grid geometries. Isotropic designs were considered

strictly inferior in the past, but we made a case for revisiting these designs and identified



some regimes where they were preferable. A tapered-line solution to optimal grid design

was reviewed, with connections to the scaling of transport networks in biological systems.

Then in the morphology of

those biological systems was explored in
more depth using a computational frame-
work that optimized a graph with cellular
automaton nodes. The concept of ”virtu-
ous scaling” was introduced to justify ex-
ploring these intractable problems, leading
to an optimal class of ramified transport
network designs.

In the practical challenge
of creating these varied grid designs was
attacked using an electrohydrodynamic
(EHD) ink jet printer, a squirrely and
adaptable machine capable of carrying
additive-printed electronic designs down to
the micrometer scale. A few informative
but dead-end attempts to model the EHD
process would lead, eventually, to a ma-

chine learning control approach.

Jsolar

Figure 1.3: Schematic view of the variables to

calculate spreading resistance in a solar cell.

The remainder of the project constituted data gathering in and model training
in [chapter 6 of an ensemble of machine learning models that could predict, and thus control,
an EHD printing process. In these models were put to the test and deployed in

a model-based control algorithm to direct the additive manufacture of some very particular

grid patterns.

This project was wide-ranging, from the mathematical underpinnings of diffusion sys-

tem optimization to the specific programming tricks that let us grapple with the open-ended

pathing problem to the dynamics of a micron-scale electrohydrodynamic process. But, ulti-

mately, this work is about morphology - the shape of transport networks and the practicality
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of using them to solve engineering problems. However, all of that complexity grows from

the underpinning math, and that is where we will begin.
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Figure 2.1: Optimized layouts of 5 cm diameter circular front cell electrode designs using

(a) H-bar, (b) hexagonal, and (c) square grid layouts.

Chapter 2

NUMERICAL MODELS FOR TRANSPORT GRIDS

The first angle of attack for optimization of the solar cell front grid used the simplest
possible numerical description of grids that deploy space-filling, straight-line networks of
metal grid lines. The most common of these utilize parallel lines intersecting a perpendicular
bus bar, referred to as an “H-bar” design. A second class is comprised of isotropic grids
constructed from overlapping layers of parallel lines at different angles - these include all
regular tessellating planar unit cells: closed hexagons, triangles, or squares. Examples of

H-bar, hexagon, and square patterns are shown in Figure [2.1

The isotropic grids have long been understood to have inferior properties to H-bar grids
for a basic front electrode array application.[96] At equivalent pitch with all other materials
and dimensions held equal, isotropic grids incur a 2x increase in shadowing losses while
enjoying no benefit to their current transport efficiency as compared to H-bar patterns. For
this reason, virtually all contemporary solar cell modules utilize some flavor of front H-bar

electrodes. [150]
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2.1 Revisiting Isotropic Grids

Two features of emerging solar cell design motivated a reexamination of the isotropic family
of grid designs in [94]. First, the shift to point sinks in modern cell layouts, and second, the
competitiveness of high-resistance front layers in thin-film solar cells. The first came from
the use of through-stack vias by many commercial modules; vias shuttle current to a rear-
side bus and are point sinks for the front-side charge carriers. [71] In these architectures,
H-bar electrodes result in an indirect current pathway to the sink where isotropic grids
would transport along an effectively straight path and with the same efficiency of transport

as the H-bar.

The second feature was the competitiveness of high transparent conductor (TC) resis-
tance (prc) solar cell module designs. TCs constitute layers of a device that confer an
ability to transport current in the plane of the device while being mostly transparent to
light, excluding front metallization. Thin film photovoltaic modules, such as perovskites,
cadmium telluride, and organic photovoltaics, commonly use dedicated TC layers such as
indium tin oxide (ITO) on their front face to effect charge carrier transport from the active
material to the edge of the cell or an electrode grid. ITO layers are expensive and give rise
to unavoidable optical extinction losses due to the inherent trades offs between metallic-like
conductivity derived from their significant carrier concentrations and absorption and reflec-
tivity. Sourcing materials for their manufacture can be geopolitically challenging, leading
to much research into their replacement [I58] [122] i.e. by conductive polymers or nanowire
layers.

For many such layers, Jacobs et al. [63] contend that it is advantageous to increase the
sheet resistivity of the TC, and thus minimize optical extinction, beyond the traditional
~ 1082/sq, with values up to 10k€2/sq optimal for some systems. Additionally, perovskite
photovoltaics’ high charge carrier mobility could motivate the deployment of TC-free, high-
resistance, low-extinction modules. [89, [77] Isotropic grids with fine pitch should excel in
these high-prc design spaces due to lower diffusion distances, aiding in the minimization or

elimination of ITO layers.

New additive manufacturing pathways for metal lines are being explored [29, 38| [75]
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and there is interest in thin film tandem architectures which can require multiple TC layers
within a solar cell stack. [73] These developments perturb the established material proper-
ties and design assumptions in commercial solar cell modules. Considering solar’s growing
market and shifting design landscape, it is an ideal time to reexamine old assumptions

around front contact design, including the supremacy of the H-bar layout.

2.1.1 Numerical Optimization of Solar Cell Grids

Strategies for the optimization of solar cell grids have evolved significantly over the past 50
years. Early studies by Napoli et al. [96] and Serreze [125] established numerical models for
the individual sources of power loss in straight- and tapered-line grids respectively. Such
models are suited to rapid numerical optimization, and this study employs similar methods
to revisit isotropic transport grids. We assume the simplest possible conditions, including
single values for line width and pitch and constant wire height. However, alternate design
approaches exist that improve grid performance at the cost of increased complexity and

expanded design space.

Most importantly, it is optimal to vary grid line widths locally according to the rela-
tionships outlined by Scharlack [I19], with every wire scaled to an optimal width relative to
solar current, local wire current, and material constants. The relationship has been utilized

by later works including spoked radial grids for circular cells. [26 [31]

More recently, grid optimization is often expanded to include module-scale bus bar and
material cost optimization.[85] [104] Some grid design strategies abandon the notion of fixed-
pitch grids, adopting free-form approaches. These strategies range from strategic addition
or subtraction of grid elements[22] to free-form design of ramified transport networks|[28] 53]
and can potentially be adopted to arbitrary solar module geometries.[54] This approach will
be revisited in

For now, we confine this study to basic numerical equations for the principal losses in a
front electrode isotropic grid pattern and verify the model using the commercially available
Griddler simulation package. [I53] The numerical models are used to design optimal H-bar

and isotropic grids for high-pspeet point-sink solar cells, and their relative performance is
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Figure 2.2: Schematic layout of grid cross-section (a), H-bar (b), square (c), and hexagonal

(d) grids. Unit tiles used for TC resistive loss calculations are demarked in dotted blue.

evaluated using Griddler’s finite element (FE) solar cell simulator. Areas of point-sink solar

cell design space are identified where an isotropic grid pattern outperforms H-bar grids.

2.1.2  Numerical Methods for Circular Solar Cell Loss Calculations

To compare H-bar and isotropic patterns, numerical models were used to estimate the main
sources of power loss in the front metallization: shadowing, grid line resistance, and TC
resistance. Symbols and units for these calculations are defined in Table [I.1] and illustrated
in Figure 2.2

Numerical optimization of the numerical expressions was used to rapidly identify near-
optimal configurations of H-bar and isotropic grids on circular solar cells with a single central
current sink. Both grid types were optimized across a range of material properties and cell
radii, and optimal designs were modeled using Griddler software to determine their peak
power output. These FE-calculated power estimates were used to compare the performance
of H-bar and isotropic grids.

A notable omission from this study is the consideration of contact losses between TC
and grid, as well as downstream contact losses such as where lines intersect with bus bars.
These power losses are typically smaller by an order of magnitude than the other power
losses considered here and are a secondary source of loss for most practical solar cell modules.

[85] All code used to model and optimize grids in this study can be found at github.com/


github.com/onakanob/iso_grid_optimizer

onakanob/iso_grid_optimizerl

Calculating power losses

We derive closed numerical equations for the shadow, line resistance, and TC sheet resistance
losses in H-bar and isotropic grid arrangements on a circular solar cell. As standardized in

former works [96], (119, [40] 126], (152], grid resistive losses were calculated in watts as

k
Prost = / I(x)*5R(z) (2.1)
J

where j and k are locations where current begins and ends respectively; I(z) is the cumu-
lative current in Amps at location z, and dR(x) represents an increment of resistance at
location x. Generally, this can be expressed as

SR(z) = ﬁéw (2.2)

where p is the sheet resistance (in Q-per-square) of the transporting medium, [(x) is the
width of the transporting medium, and dx is an incremental distance along the direction
of current flux. When transporting through an array of metal lines, the effective grid sheet

resistance p of both H-bar and isotropic grids are

1b
Pgrid = pn{;;j (2.3)

where pietqr 18 the metal resistivity, b is the pitch of the grid as illustrated in Figure and
w and h are the width and height respectively of the metal lines. The effective grid sheet
resistivity holds only in the direction parallel to the metal lines in an H-bar grid, but it is
isotropic in the plane of the device for triangle, square, and hexagon grids. The equivalence
and isotropic nature of these grids is demonstrated in Appendix
The maximum theoretical power gathered by a circular solar cell (i.e., with a lossless
front grid) would be
Praz = JsolVopm R (2.4)

where J,,; is the solar current density, V,,, is the cell operating voltage, and R is the radius

of the circular cell. Shadow loss can be expressed as a fractional decrease in the max power


github.com/onakanob/iso_grid_optimizer
github.com/onakanob/iso_grid_optimizer
github.com/onakanob/iso_grid_optimizer
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due to the proportion of device stack area covered by metal lines. For H-bars, this is simply

the ratio of width to pitch; for isotropic grids, the shadow loss is doubled. We have:

b w
Pslia?;;w loss — Pma:vz (25)

1 w
;;LZdow loss — 2Pmax€ (26)

Below, we outline simple models for the resistive losses in the two grid types on a circular

cell.

Isotropic Grid Losses

The three non-H-bar grids all have isotropic conductivity in the solar cell plane and are

equivalent to each other in terms of their grid resistive losses; see [subsection 2.1.6| for a

demonstration of this effect. As long as the solar cell is large enough to contain many unit
cells, i.e. R > b, current can effectively be assumed to travel radially from any point in the
solar cell to the central sink. Cumulative current generated between the solar cell edge and

radial position r is

2Z%ulative(r) = ']5017"—(}32 - 72) (27)

This expression can be combined with Equation [2.3]for the grid effective sheet resistance
into Equation [2.1|and Equation taking the width I(x) = 27 because current at position
r moves radially through a circumferential slice of material. The total power lost due to

grid resistance is

R

150 _ 150 2 Pgrid

gridloss — / cumulative (T‘) 9 or (28)
c mr

where € is the radius of the center point sink. The trend is resolved using numerical inte-
gration in the software model.

Resistive losses in the TC are generated as current diffuses across a triangular unit cell,
illustrated in Figure 2.2l The variable z is defined to be the distance from the tip of this
triangle on a path perpendicular to the nearest line, i.e. x = b/2 defines the coordinate
where current reaches the conductive grid. It is assumed that current is evenly distributed

to achieve uniform flux at every x, and we solve this equation for both square and hexagonal
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grids. The cumulative current in the TC can be written

1 2

il (.CL‘) = JSOI'I‘2 Zf?:?vlulative (33‘) = ﬁJSOl'r

cumulative

(2.9)

Using Equation with p = prc, 1°949¢(x) = 2z, and 1" (z) = %m, substitute in to
Equation [2.T}

b
square unit cell __ 2 ;9 4PTC
PTC loss - / Jsolx 9 x
0 €T

1
= @J30154PTC (2.10)

and

b
Phem unit cell __ 2 7{]2 4\/§pTC'5
TC'loss - 3 sol® 2 T

V3

=~ J2 b 2.11
This accounts for loss in one unit cell. To estimate power loss across the entire solar
cell, scale up using a ratio of areas, with A = 7 R?, Asquare = %, and Aper = %:
PYZ“SCO loss
_ Psquareunitcell A — 7}3390[11712%06[[ A
TCloss Asquare %8 Ahez

_ T 12 32p2

= 3—2Jsolb Rprc (2.12)

Power loss density is obtained by dividing by circular area A. This is not possible for
grid losses, which depend on R. With identical models describing their shadow, grid-, and

T C-resistive losses, the various isotropic grids are effectively interchangeable in this analysis.

H-bar Grid Losses

Resistive losses in the H-bar grid are calculated in two parts. First, losses in a parallel array
of lines with width w, height h, and pitch b is calculated, with current traveling from the
area of the cell to a single cross-cell bus. Then, losses in the bus are calculated as current
travels to the center sink . Using the sheet resistance description of the line array from

Equation the loss in a strip of the line array intersecting and perpendicular to the bus,
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of length L and width Jy, can be calculated. Recognizing that the current at distance [
from the cell’s edge will be J1dy, from Equation [2.1] we have

L
i 1
Psegment(L) = / (Jsol l 5?/)2 pgydél = g‘]gol[’gpg'rid(sy (2]—3)
0

The length of the array lines as one travels away from the central sink can be expressed
as L = f(y) = \/RQ*—y2 where y is the distance from the sink where the array intersects
the bus line. (Note that as y — R at the end of the bus bar, the length of the array, and
its associated resistive losses, go to zero.) The total resistive loss in the array comes from

integrating this value numerically across all four quadrants of the cell:

Pt =1 [C LR oy 211
Resistive losses in the bus bar come from similarly integrating from the cell’s edge to
the sink the current incident from the array on the bus. The current in the bus at position
y is
R
o) = [ 20/ R P (2.15)
and the total power loss from both sides Z,(’)f the bus is solved using numerical integration in
implementation as n
Pyt =2 / Tous(y)*pgria 0y (2.16)
where € is the radius of the center point sink.
Device TC resistive losses for an H-bar grid are derived in past works. [96, [119] For this

study, loss is calculated over the R-radius cell area as
7r
PJIij(?gss = EJSQOl b2 RQ:OTC (217)

And finally, in addition to the shadow cast by the major grid lines per Equation the

bus casts a single shadow with power cost

pHbarbus ©— R Joo1 Vop w (2.18)

shadow loss

These models include some non-physical assumptions, most notably a total conservation
of current, constant voltage across the solar cell, and negligible contact losses between TC
and line. Nonetheless, we verify as described in section that optimization of the

numerical models yields near-optimum grid layout designs.
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Optimizating the Numerical Grid

Numerical models were implemented as functions in Python for isotropic and H-bar grids.
All numerical integration was carried out using SciPy’s [12I] integrate.quad() function,
which invokes the Fortran QUADPACK library. Optimization of grid geometry means
solving

argmaz g, v Pmaz — Z Py(w,b) + \b? (2.19)

l€losses

Where X\ is a small constant that encourages a larger grid pitch. This regularization
is a practical term introduced because in the isotropic grid, the TC term Prgioss X b2
will drive an unbounded reduction in both w and b, pushing the grid to the lower design
bounds consistently with minimal improvement in actual performance. Regularization of the
grid geometry yields patterns that are less computationally strenuous for FE with minimal
reduction in performance.

Optimal values of w and b are identified using SciPy’s optimize.minimize() function,
which employs the L-BFGS-B algorithm. For all grids, line width w had bounds (1 pm, g)
and pitch b had bounds (1 mm, g) where R was the cell radius. The pitch lower bound was
introduced to maintain practical computation burden in FE and was the only boundary
condition to affect the grids generated in this study; the smallest designed line width in

practice was 2 pm.

2.1.8 Validation of Numerical Grid Designs

The outputs of the numerical model and optimization loop were validated using Griddler,
a free solar cell FE modeling package. We first verify the optimality of found grid patterns
and the equivalence of the isotropic grid patterns. Then we compare the performance of
H-bar and isotropic grids across a range of solar cell and material properties.

A static operating voltage is manually chosen for the numerical model so that its optimal
designs are also optimal in Griddler simulation. Figure shows that for a 1kQ/sq TC
sheet resistance design, the two models are in close agreement on optimal pitch and width
values when Vpp = 420mV.

For all experiments, a set of standard centered conditions were specified for a circular
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5 cm radius solar cell with a central current sink, 2 m$/sq metal grid lines, 0.5 mm sink
radius, 420 mV operating voltage, and 20 mA /cm2 solar current. Griddler uses a double
diode model for active material element simulation, and diode saturation currents of 450
fA/cm2 and 10 nA/cm2 were chosen. Griddler’s internal optimizer was used to identify
max-power operating voltage and current for each grid design.

Finally, the center condition TC sheet resistance value was chosen where isotropic and
H-bar grids show equivalent performance. Figure shows that this occurs at about 15
Q/sq. TC sheet resistance swept values range from 1 to 10* €2/sq, covering from the low end
of high-performance ITO layers to the upper range of TC materials considered by Jacobs
et al.[63].

2.1.4 Isotropic Grid Results

For a solar cell at the center conditions described above, the model identified an optimal
H-bar geometry of 7.8 mm pitch and 0.62 mm line width. Numerical power predictions are
increased by a factor of 1.53 to bring center point predictions in line with the FE result.
This factor is used to aid visualization as in Figure but it does not impact optimization
results, which are unaffected by constant scaling. All performance values in Figures [2.4] and
2.5 are un-scaled outputs from Griddler simulations.

In Figure predicted power output from the numerical and FE methods are plotted
around this optimal point, varying grid pitch and line width independently. The numerical
model neglects the effects of voltage on current generation, causing some mismatch between
the two models. However, with the tuned value Vpop = 420 mV, there is close agreement
between the numerical and FE models on the optimal grid design. These trends illustrate
the resilience of the grid design to perturbations - for instance, a 50% decrease in line width
from the optimum results in just a 7% reduction in power density, from 6.9 to 6.4 mW /cm?.
Therefore we do not expect small errors in grid design from our algorithm to be significant
to the question of isotropic vs H-bar grids.

We compare the power output of circular solar cells with H-bar and isotropic front grid

patterns given a range of cell geometries and material properties. Square grids were used to
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Figure 2.3: Optimum values for grid pitch and line width found using numerical optimization

are also near local optima in Griddler’s solar cell FE when Vpop = 420 mV.

simulate all isotropic patterns. All simulations used solar cells at the centered conditions,
but varying one parameter at a time. In Figures 2.4] and [2.5] each of the cell’s TC sheet
resistance, grid line resistance, radius, and solar current density is varied systematically, and
FE results for the optimal grid power output of H-bar and isotropic grids are compared.
At center conditions, TC sheet resistivity is set at 15 2/sq so that both the H-bar pattern
and the isotropic grid produce an equivalent 8.61 mW /(cm?). While H-bars perform well
at low sheet resistances below 15 §/sq, the isotropic grid significantly outperforms optimal
H-bar patterns for high TC sheet resistance values and shows more modest gains for large

cell radii and elevated solar current.

2.1.5 Isotropic Grids: Discussion

While the H-bar grid continues to dominate performance with industry-standard TC sheet
resistance values of <15€)/sq, isotropic grids matched or outperformed H-bars as front elec-
trodes on center-sink circular solar cells with high TC sheet resistances and, to a lesser
extent, large cell areas and high solar currents. The principal advantage of the H-bar design
— its 2x lower shadow loss coefficient — was present in these designs, but a combination of
other factors gave the edge to isotropic patterns. These factors likely included a flat reduc-

tion in TC sheet losses, spreading transport burden across more metal elements, an easier
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Figure 2.4: Comparison of power density from H-bar and Isotropic front grid solar cells

with varying TC sheet resistance, wire sheet resistance, and solar cell radius.

optimization landscape enabling fine-pitch patterns, and a reduction in voltage variance

across the device stack.

TC resistive losses in both grids vary o b?, with the isotropic grid experiencing lower
loss by a constant factor of 8/3. The scaling factor implies that for any TC sheet resistance,
a sufficiently small grid pitch will render resistive losses negligible. Conversely, a sufficiently
large pitch will cause TC losses to dominate device behavior. Contemporary solar cells
usually deploy a front conductive transparent layer such as I'TO with sheet resistance <
109 /sq., where millimeters-scale grid lines are sufficient to eliminate most TC losses and
the isotropic grid’s constant advantage has minimal utility. Under higher TC resistivity,
reduction of the pitch value becomes critical to grid optimization. With very high TC
resistivity, both grids in this study were clamped by the lower bound pitch of 1mm, at which
point the isotropic grid’s flat 8/3 advantage becomes a significant performance driver.

The lower TC losses in isotropic grids arise due to the triangular unit cell across which
current diffuses to grid lines, as seen in Figure and d. This reduces the average distance
from any point in the TC layer to the nearest grid wire from %b for H-bars to éb for square
or hexagonal isotropic grids. More importantly, it reduces the average current density in

the TC because current can spread with the triangle’s cross-section as it travels along the
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direction x towards a grid line, reducing resistive power loss.

An idealized solar cell might maintain a uni-

form max-power voltage across the entire device Solar Current
stack; in reality, a spread of voltages around the 70 -a@- isotropic grid .
—4— H-bar grid .
max-power point arises across the solar cell due _ 60
g
to resistance effects. The isotropic grid, by re- § 50
. . . g
ducing resistance loss and thus voltage drops in =~ 2 40
i
the TC layer, is closer to the ideal case; this g %0
- . g 20
results in higher max-power voltage without los- §
. . 10
ing too much photocurrent. To illustrate, at the
0
lowest sheet resistance value studied (Rgpeet = . ; )
10 10 10
46€)/sq), the optimal isotropic and H-bar grids current density [mA/cm?]

both produced about 8 mW /cm?. The two cells
had nearly identical open circuit voltage of 622-
624 mV, but the H-bar grid produced a much Figure 2.5: Comparison of power density

higher short circuit current, 18.6 mA /cm? vs the from H-bar and Isotropic front grid solar

isotropic 16.6 mA /cm2, due to its reduced shad- cells with varying incident solar current.
owing. Despite the H-bar’s current advantage,

the max-power conditions for the isotropic grid of 523 mV and 15.58 mA /cm? matched the
H-bar’s 477 mV and 17.14 mA /cm? in terms of power output due to the isotropic grid’s
higher operating voltage. All effects of variable voltage and solar current are omitted from
the numerical model, likely leaving some room for additional optimization in both grid
designs.

The final weakness of the H-bar grid was its reliance on concentrated current flux through
the single bus bar element — this introduces an additional constraint to its optimization
problem and is largely a product of the assumptions in this study. In short, the H-bar grid
wants larger line width to reduce bus bar loss but smaller pitch to reduce TC loss — this
couples bus bar and TC losses, setting up a trade-off in its optimization space that the
isotropic grid does not need to deal with. The isotropic grid is, in fact, unconstrained in

its specific choice of width and pitch except by TC loss considerations. Pgiﬁ;?dl oss X b/w and
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ijl‘;dow loss X W/b, so the isotropic grid optimizer only needs to find an optimal width-to-
pitch ratio, and can easily miniaturize the pattern to accommodate higher TC resistances,
limited only by the simulation’s lower bound and regularizing A term.

This study assumed that current is generated in a circular area centered on the sink, a
geometry chosen for its simplicity in assessing the relative performances of grid types. Such
a module layout would seldom be encountered in industrial solar cell applications, where
semi-square wafers or half cells and often multiple sinks per module are the norm. The
extension of the model to any particular layout of sinks is left to the individual practitioner.
However, the circular area assumption is likely to be a good approximation of any layout
of sinks approaching a close packing. If isotropic grids are to find successful application
in contemporary commercial solar modules, such as half-cut and the new C3 modules, a
bus bar layout would need to be identified that leverages the area efficiency of close-packed
point sinks while conforming to the overall rectilinear arrangement of those modules. The
design of optimal bus bar layouts for isotropic grid solar cells is the next step to enable the
comparison and competition of isotropic grids against real H-bar solar cell grid designs.

In Conclusion, the foundational numerical models that established today’s solar cell
electrode designs deemphasized the utility of isotropic grids - arrays of triangular, square, or
hexagonal wire patterns - due to their higher degree of shadowing for equivalent conductive
performance, compared to H-bar grids. However, in certain corners of the solar cell design
space, isotropic grids are capable of outperforming H-bars. Isotropic grids have interesting
properties, including an equivalence in shadow /resistance trade-offs across all possible planar
isotropic grid designs.

We have attempted to fill this gap in the modeling literature by presenting a simple
numerical framework for modeling the shadow and resistive losses in circular, center-sink
H-bar and isotropic grids, and for optimizing the pitch and width of the designs. Using
Griddler FE software as validation, we demonstrate that isotropic grids produce more power
for solar cells with high transparent conductor sheet resistance and point sinks. These
designs could help enable a transition away from transparent conductive oxides and their
associated processing, material, and optical costs, in favor of lightly doped electron or hole

transport layers combined with fine front electrode grids. While the cutting edge of grid
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Figure 2.6: Networks that scale with Murray’s Law. [Left] Serreze’s[125] linear line ta-
per. [Top Right] Shcarlack’s[I19] universal line scaling. And [Bottom Right] Murray’s Law
scaling in a plant being network[162]. All three maintain a constant optimal flux density

throughout the network.

design has moved towards ramified networks and free-form design, the family of isotropic
grids may still provide a performant baseline design, simple to optimize and deploy, for the

next generation of center-sink, I'TO-free solar cells.

2.1.6 All Isotropic Geometric Grids are Equivalent

It was insinuated but not justified above that all of the various isotropic grid designs are

equivalent to each other. That result is derived and discussed in

2.2 Introduction to Tapering: Murray, Serreze, and Scharlack

As mentioned above, despite their relative prevalence, straight-lined electrode grids are
almost certainly sub-optimal. As early as 1978, Serreze[125] identified a rule set for designing

tapered solar cell bus and grid lines, where the rate of taper was determined by the solar
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current, metal conductivity, and area of the current collection. The next year, Scharlack[119]
generalized these relationships to admit any solar cell shape. Scharlack’s optimal scaling
law for electrode wire width applied to wires with constant sheet conductivity and is simply

stated as

f(@) =a /0 " g(e) de (2.20)

where « is a constant determined by materials and illumination and £ is the distance
traveled along grid line of length z. This relationship results in lines with linear scaling if
sheet width around the wire is constant, as in a linear grid with a constant pitch, but can
be extended to arbitrary shapes as well. Because constant solar flux j is assumed, we can
simplify the expression to « fox 9(&) d€§ = Blyire, where = ja, to see that the scaling law
effectively maintains ”a constant current flux in the grid line”.

Serreze’s and Scharlack’s scaling law echoed a principle first stated some fifty years
earlier, in 1926 by Murray, [92, [OI]. The three relationships are shown in m
Murray noted that when blood veins intersect, or arteries diverge, in animals, the sum of
the small vessels’ radii cubed equals the radius cubed of the large vessel. That is, fluid flow

networks in biological systems scale according to the relationship

Z 7"? = Tgutput (221)

iCinputs

The law also holds with inputs and outputs reversed, for diverging intersection. This
result has been observationally verified as approximately correct across real and simulated
large vascular systems, [130} [103] in plants,[83] and in slime mold colonies[6] to name a few.
Murray scaling as been extended to optimize non-biological systems such as fuel cells,[124]
heat transfer networks,[I48] and microporous materials.[162] However, the true optimal
power scaling relationship varies from one application to the next.

Murray derived the scaling result by balancing two power sinks: the work done by a
fluid under the Hagen-Poiseuille fluid flow model[135] pf and a volumetric work term bwvol..
With flow rate f, fluid viscosity 7, vessel length [, and radius r. The total work done by

the system is then



27

f218n

E =pf +bvol. = — + blrr’ (2.22)
r
with a minimum at
21281

This establishes the relationship of optimal flow f to vessel radius r. Murray’s law can

be stated more generally to be:

focr? (2.24)

Where the special case of a = 3 is true only under conditions of perfect laminar flow.
The scaling law for work done by the flow component will vary for other flow regimes, and
indeed, follow-on studies established that the power term a increases to ~ 3.5 under turbu-
lent conditions[143] and may vary locally based on the particular conditions throughout a
network. [87] [134]

In the case of diffusive flow through a pipe, the resistance varies linearly with the cross-
sectional area, so @ = 2 and f o 2. However, almost all literature on solar grid optimization
assumes constant wire height. Under these conditions, the cross-section varies linearly with

wire width w alone.

2.2.1 Murray’s Law and Scharlack’s Scaling are Equivalent

We verify these scaling rules in the present system of equations for the cases of constant and
scaling wire height. Consider a small segment of wire of length dx with height A, width w,
and resistivity pyire that transports I amps of current. Resistive loss is Presistor = 1 2R =
12%537. Shadow loss from the wire footprint is Pspadow = I(w) V = Jso Vopw dx.

The optimal wire width w* can be defined as w* = argmin,, (IQ% + Js01Vopw)dx. The

solution depends on how h scales with w. For the case of constant height,

0= JooiVip — I 21;2 (2.25)
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Figure 2.7: Grid routing method proposed by Burgers[26]. Optimal line scaling is established

as if using Scharlack scaling [top] but is defined as a field across the solar cell based on current

flux [middle]. Finally, traces are ”"painted in” to the field [bottom].

and

* Pwire
w' = 1 2.26
hJsolVop ( )
This recovers Scharlack’s result of width scaling with current, maintaining an optimal

current flux density in the wire of

* o 1 Jsol Vop

wire — T 7 :
w*h Pwireh

(2.27)

An optimal network would maintain this flux density everywhere.

2.3 Line Placement

Most discussions of grid optimality thus far have existed in an abstract space where pitches
and lengths are defined locally and extend over some variable length and width, if those

macro quantities are delt with at all. The fiddly business of placing actual lines into a
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Figure 2.8: Examples of topology-optimized solar cell grids from Gupta et. al.[53]

discrete pattern has been left as a downstream exercise. Obviously, this cannot continue
forever if the goal is the production of practical electrode patterns! How should one route
grid lines across a real solar cell?

A few works have established methods for placing grid lines into arbitrary, concrete solar
cell shapes. The most straightforward by Burgers[27, 26, 28] utilize a ”smearing” technique
illustrated in that first maps the optimal line widths across a solar cell as field,
then paints lines manually, maintaining the optimal pitch-to-width ratio. More recent efforts
by Gupta et. al.[53] 55, [54] use free-form topology optimization to generate the diffusion
networks visualized in

These approaches make sense, but they also produce some apparent inefficiencies: the
discontinuous cross-bars in the field approach, for instance, or the ’islands’ of solar material
in the grid lines of the topological patterns. But a more fatal flaw may also be present
here because each of the above approaches carries the familiar assumption of constant wire

height, and under constant h, the specific layout of grid lines does not matter.

2.8.1 Path Independence in Tapered Diffusion Networks

To illustrate the independence of path and power loss in a tapered diffusion network, consider

again the infinitesimal slice of material from |subsection 2.2.1 Omne such ”leaf” of a solar
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Figure 2.9: Leaves: a schematic of path-independent power loss in constant-height wires.
Each "leaf” of active material (left) carves out a constant-width stem until it reaches the

sink (right), regardless of the specific path taken.

cell and its grid line is illustrated in Assuming constant height h, the optimal
width dw of the metal line "stem” of the leaf is set by The total current
produced by the leaf is I = bJ;,dl and the resistance of the stem is set geometrically as
Ryire = h L dw, where L is the distance from the leaf to the power sink. We can calculate
the power loss in this system to be P, = I’R = b2J520thdl2dw - the free parameters in

the expression are the pitch b, and L.

When upstream or downstream leaves add their additional current to the grid line, they
each supply their own ”stem”, scaled so as to maintain the optimal current density defined
in Observe that for each leaf, the resistance of its own stem is unaffected
by the stems of other leafs because the current density in each is the same everywhere, set
only by the material parameters of the system. Therefore, the resistive losses of each leaf
are independent of the overall routing of current through the solar cell. The only variable

that matters is path length L!
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2.8.2  Virtuous Scaling in Transport Networks

Path independence would seem to lift the burden of routing from a solar cell designer, but
the above conditions above hold only for the linear-scaling constant-height case. That is,
path independence is true in Murray networks per for the special case of
a = 1. Constant height is a persistent assumption in solar cell design because metallization
has been manufactured using deposition, evaporation, or subtractive processes for most of
the field’s history. These methods result in line heights that are independent of width.
However, many transport systems aimed at the gathering problem, including Murray’s
law biological networks and most of those shown in [Figure 1.2 exhibit ”virtuous scaling”.
That is, these systems have a coefficient ¢ > 1, indicating that their transport elements
become more efficient as they grow in width. This is true for fluid flow systems, but it is
also likely to hold for volumetric engineered systems or additively fabricated solar cell grids.
Let us take the virtuous scaling case used in much of this work of A oc w. This establishes
a constant aspect ratio for the cross section of all wires in the system, and a Murray scaling
factor of a = 2. For instance, by reworking the optimal width relationship for the special

case of h = 2, we get:

0= JooiVip — 217 ’Zi;‘f (2.28)
* 2pwire 1/3 12/3
w' = (————)""1 2.29
GV, p) (2.29)
In this case, Scharlack’s scaling result no longer holds. J3, . = w{Q = (%)2/ 31-1/3,

Optimal flux now varies throughout the network as a function of current, and the operating
current flux is actually reduced at larger current loads and for larger grid lines. Under these
virtuous scaling conditions, the routing problem is on the table again, and we can begin to

consider approaches to find an optimal grid line layout.
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Chapter 3

CELLULAR GRID OPTIMIZATION

In the previous chapter, [subsection 2.3.2] it was noted that the problem of laying out

constant-height grids with tapered lines on a solar cell is easily solved. The path doesn’t
matter, so all current should proceed directly to the sink as quickly as possible! However,
constant height is a poor assumption when it comes to additively manufactured conductive
grids - these structures are likely to exhibit virtuous scaling. Virtuous scaling is the term in
this report that refers to networks that become more efficient transporters as they increase
in size or cross-section. I.e., their Murray scaling constant a > 1. Metal electrodes are likely

to have this property if they are manufactured additively for two reasons:

First, it is often the case in additive manufacturing that a larger feature height is possible
for features with a wider footprint on a substrate. This is simply a physical effect: a
larger footprint can support larger features. l.e. for a deposited layer having a set angle
of repose on the substrate, we would expect cross-section area A oc w roughly, where
w is feature width. This effect will also be observed when stringing together multiple
manufacturing techniques to bridge multiple feature size scales: screen printing (a sub-
mme-scale process[8, [42]) can support taller features than pme-scale electrohydrodynamic
inkjet (EHD). (EHD printing is discussed in [chapter 4) A manufacturing path that used
both of these methods could utilize wide but high-aspect-ratio screen printed lines with

low-aspect-ratio EHD-printed fine grid lines.

Second, in addition to the variable height of additive features, the quality of printed
material may vary with line width. Many metal inks utilize nanoparticles which are fused
by sintering.[I37] The effective conductivity of the material in such structures will often
increase with width, as open-circuit breaks in the percolating network of nanoparticles are

less likely to dominate performance when the line width is larger.

Thus, both the effective material properties and cross-section area are likely to improve as
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wires grow in width. Under these virtuous scaling conditions, an intractable and interesting
problem arises: what is the best grid line routing across a solar cell to minimize shadowing

and resistive losses?

3.0.1 Disambiguation: Vertices, Cells, and Elements

Throughout this chapter, I will build up a model for simulating and optimizing the layout of
solar cell grid lines. The smallest functional pieces of this model will at times be referred to
as vertices, cells, or elements. Each term is, in some sense correct. In the graph theoretical
sense, the ”vertices” of a graph are the space-embedded elements that are connected to
each other by edges, describing the foundational connectivity of the model. ”Cells” refer
to the small decision-making units in a cellular automaton simulation, which is one valid
description of the model, as well as being a direct analogy to the biological cells that solve
the gathering problem in nature. And ”element” refers in the field of finite-element analysis
to a representation of a small piece of material that simulates local physics. I will generally
call upon the term that is germane to the field of study being discussed in each given
section. It should be understood, however, that the three terms can generally be treated as
interchangeable within this chapter.

Where biological cells or solar cells are being discussed, I will use the full term. Likewise,
I will forgo the use of some other tempting nouns such as "node” and ”unit” to describe
the elements/vertices/cells of the simulation. God help us if cell phones enter the picture.

Similarly, ”grid” will refer to the real or simulated front metal electrode construct as a
whole, "graph” will refer to the underlying graphical data structure being used to model
the grid’s connectivity, and ”solar cell model” will refer to the entire simulated system,

including the current-generating active material, the grid, and the sinks.
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3.1 Constructal Theory

Figure 3.1: Examples of constructally
optimized solar cell grids. [Top] by
[88]; [Middle] by [101]; and [Bottom]

by [100]

One general solution to routing transport networks
through a volume was first presented by Adrian
Bejan in 1996 and ’97.[12] [13] Termed constructal
theory, the framework provides a set of guidelines
for designing flow systems that solve the gathering
problem - some examples of constructal structures

can be seen in A complete introduction
to the field can be found in

It is notable that many of the natural systems
that seem to conform to constructal theory are
comprised of cells that have no view of the larger
transport problem but act only based on local stim-
uli. In this chapter, instead of a top-down strategy,
a less principled but more generalizable method
was used to optimize the specific layout of solar
cell front grids. The general equations from
were modified to describe finite elements, and
a dynamic directed graph model of current trans-
port was layered on top of the solar cell model that
used backpropagation to distribute a reward across
the graph and greedy hyper-local decision making
to evolve the network over successive generations.
The resulting patterns were not optimal but pos-
sessed a familiar, self-consistent, ramified topology
and appeared to be highly performant as solar cell

grids.
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3.2 The Grid-Graph Model of Solar Cell Electrodes

A model to explore ramified diffusion networks for solar cell front electrode application was

built up in three parts. First, a system of equations is defined that describes the behavior

of solar cell current and power loss in a finite element. Second, a routine for calculating

total power output from directed graphs of finite elements was tested. Finally, a greedy

algorithm for optimizing the graph to increase power output was outlined. The software

package that implements this collection of algorithms is called ” GridGraph”.

3.2.1 Finite Elements: Solar Cell and Stem

A general framework for modeling solar cell grid
lines is attractive for its portability and adapt-
ability. Here, the numerical expressions used
previously to optimize large grid networks were

adapted to describe single finite elements. In-

sol
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| \ d Puire

stead of the standard boundary conditions of T.7 \
in| ==
|

finite element analysis, the electrode’s connec-
tivity was described as a directed graph, and
wire connections as edges in the graph. Among
other things, this made it easy to optimize the
network with always-optimal grid lines that dis-
played virtuous-scaling transport properties.
The following system of equations governs
the current generated and power lost in a square

finite element with side length b:

1

)
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b

Figure 3.2: A single square element in a

cellular grid model.

generated = Jsolb2 (31)

Pspadow = solVOde (32)
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1
Pipeet = ﬁjsolpsheetb4 (33)
P — 72 Pcontact 3.4
contact — generated bw ( . )
ired
Pgrid = (Iout)qu:}T; (35)

where d is the length of the wire ’stem’ that connects the element to the next downstream
element in the grid. For a regular square mesh, d = a. In practice, the contact resistance
is omitted from models and optimizations that follow. Contact losses make up a minimal
proportion of practical solar cells,[85] and their omission improves the readability of the
model and code with minimal impact on grid designs. However, as will be seen, this and
any other loss source can readily be added back into the model as long as they can be
expressed as an analytical or differentiable function.

Because current will daisy-chain many times on the path to a sink, each element accepts
current from any upstream elements, adds its own generated solar current, and passes the

sum

Iout - Z Igut + Igenerated (36)

1€inputs

to its downstream neighbor. For cases where the elements are not square, the sheet
resistance is estimated using a square of equivalent area A: becomes Jy, A
and becomes %Jgolpsheet/lg. Most critically, the width w of the grid line stem
is a function of local current - it scales according to the known optimal point determined
by material properties and the Murray line scaling parameter a, as discussed in
For a constant-height a = 1 line, this would be the analytical relationship in
For a constant-cross section a = 2 line, one would use In both cases, the

current that determines optimal line scaling is the total local current I,,;.

3.2.2  The Solar Graph Model

A graph is a mathematical object comprised of a set of vertices V' and edges E. Each vertex

v € V represents one of a class of objects which may have locations, labels, or properties.
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Each edge e € F ”connects” two vertices in the graph, and may have properties of its own.
(A graph where multiple edges are allowed between the same two vertices is a multigraph,
and where edges may connect more than two vertices is a hypergraph. Neither of these
figures into the present model!) An edge e = {v;,v;} in an undirected graph is a simple
unordered set of two vertices, representing a reversible association between v; and v;. By
contrast, an edge e = (v;,v;) in a directed graph represents an ordered pair of two vertices.
Here v; is the "head” and v; the "tail” of the edge. [141), [I51]

The graphical model for a solar cell front grid electrode takes the form of a directed graph

with each vertex representing a finite element of solar cell real estate, as described above

in [subsection 3.2.1 and each edge representing the metal ”stem” of one element. So here,

the edge (vs,v;) is the grid line carrying current from element 4 to element j. Each vertex
is the head of exactly one edge, though it may be the tail of several edges, representing a
set of multiple upstream elements. Formally, the set of inputs from for vertex
J in the grid defined by the directed graph G = (V, E) will be the set of all vertices U; for

which (viey,v;) € E.

Debt-Passing Model of Solar Cell Power

To calculate the power output of the solar cell modeled by the graph G = (V, E), a ”debt-
passing” model is deployed that tracks two conserved quantities within the graph: electric
current I and power debt P¢. Each vertex in the model is a finite element that generates
some quantity of current and power loss, both of which are accumulated in the network. An
element-wise update function is defined in algorithm [T] that updates the total local current

I; and power debt de at element j.

Algorithm 1 Update of element j
Given: U; are the upstream neighbors of vertex j

) ) generated
I Yiep, L+ 1

d d !
P« Zier P+ P>

In algorithm I fenemtad is the same as |[Equation 3.1| and P;"ss is the sum of all local
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sources of power loss, i.e. [Equation 3.2 [Equation 3.3 and [Equation 3.5 Algorithm 2] then

determines the power output from a grid.

Algorithm 2 Power Output of a Solar Graph Model
Given: V,p, sinks > Operating voltage

T+ 0 > Total power

for s € sinks do

Q <+ walk(s)

for E; € reverse(Q) do > I is one vertex element
update(E);) > as per algorithm

end for

T+ T+ ILV,,—P?

s

end for

Return: T

The walk operation is any common traversal strategy of the tree rooted at the power
sink s that travels upstream in the grid G, returning the vertices in the order they are
encountered. (Depth-first or breadth-first will both work.) Processing element updates in
the reverse order guarantees that upstream vertices are always updated prior to downstream

vertices - i.e., the sink s will be the final vertex updated.

Note that V,,, the cell’s operating voltage, must be chosen arbitrarily and that its
only practical effect in the model is to set the relative reward from electrical current vs

the cost of power losses. A physics-based approach to choosing V,, is presented later, in

[subsection C.1.2] For now, however, this framework will serve to illustrate approaches to

optimizing the solar cell grid to maximize the total return power T'.

The grid was optimized using greedy local current routing updates at the cellular level,
each vertex ”choosing” where to send its allotment of current to maximize power returns.
Cells in the grid made their routing decisions based on a localized power return metric that

was calculated using gradient back-propagation of the reward T' through the network.
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3.2.83 Greedy Grid Optimization

Optimizing the solar cell graph comes down to choosing, for each element in the simulation,
the best downstream element to route current towards. As with biological analogs to the
task, such as tree roots and slime mold colonies, the algorithm petitions each cell in the
system to make its own locally-optimal decisions. Specifically, each cell will direct its stem
(i.e., a directed edge in the graph leading from it to one of its neighbors) to the neighboring
cell that offers the greatest incremental power return. Node j with neighbors N; will select
target k if k = argmaz;c Nj(g—]Ti). %ITi is the incremental increase in total power 17" when a

small amount of current is added to cell . The implementation of this process is algorithm

Bl

Algorithm 3 Power-Greedy Update to a Solar Cell Graph

Do: Calculate model power output > per algorithm
Given: Q <+ walk(s), Vo > from algorithm
for F; € Q do > Update gradients

if F; is a sink then
T = Vop

else if F; has target k£ then
OT; = 0T}, — & Ploss

else
JT; =0
end if
end for
for £; € Q do > Update targets

if F; is not a sink then
targetj < argmazgen, 0Tk
end if

end for

P;OSS is the power lost locally and is a function of both local current and the length



40

Griddler vs EasyGrid Power Scaling
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Figure 3.3: Comparison of solar cell power predictions for H-Bar geometries by Griddler
and the grid simulation described here. The models agree on the optimal H-Bar design in

terms of grid pitch and width for solar cells of 1cm, 5cm, and 20cm side lengths.

of the current stem, i.e. the distance between vertices 7 and k. To search for an optimal
grid layout, [3| is run repeatedly until convergence, when two subsequent updates produce

no target changes. A description of the software to implement this routine can be found in

Append

3.2.4 Validation

Unlike the isotropic graphs examined in there is no straightforward path to
independently verify a virtuously scaling grid pattern in software. Not, at least, with the
same Griddler package as used before. The changes in effective wire height are modeled as
changes to the material properties of the 2D elements used by the package, and the number
of different values the metal lines take on exceeds the capability of the software. Instead,
constant-height H-bar patterns are simulated in Griddler and GridGraph with the same

underlying material properties and varying geometries. The results of these comparisons
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are shown in

After applying a constant scaling factor to account for the lack of voltage variance in the
GridGraph model, there was very close agreement between the models. The models agreed
on the optimal pitch and width values for 1-, 5-, and 20-cm length square solar cells, and
they showed similar scaling of power output as width and pitch diverged from the optimum

by a factor of +2.

3.2.5 Discussion

How much benefit can we expect to see in solar cell output when switching from a classical
H-Bar configuration to the free-form grids produced by the GridGraph optimization loop?
has a comparison between the two patterns for square solar cells, between 1-
and 10-cm in side length, with a single edge-centered sink. The patterns show up to a 1.0%
increase in total power output. As noted in a 1% increase in solar power output
would have corresponded to about $389 million in utility-scale power in the US in 2020.
These numbers are almost sure to increase year over year as clean energy initiatives gain
momentum. Therefore the improvements in solar cell efficiency demonstrated by the switch

from straight-line to free-form ramified grid network are small but significant.

Table 3.1: Comparison of Power Outputs from Tapered H-Bars vs Graphs in GridGraph

Simulation of Square Solar Cells.

Length H-Bars GridGraph Increase

cm W w %o

1 0.0144 0.0145 0.7%
2 0.0555  0.0557 0.4%
5 0.3253  0.3287 1.0%
10 1.2213  1.2331 1.0%

Several example grid solutions are presented in The appearance of the grids

is visually familiar, conjuring comparisons to the scaling ramified networks presented back
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Figure 3.4: Examples of grid patterns generated by the GridGraph simulation with center

[Top Left], corner [Top Right|, and edge-located sinks [Bot. Left]. [Bot. Right] is a pattern

generated using the 2-diode physics model described in [subsection C.1.2} the remaining

patterns use the debt-passing model described above.
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in[Figure 1.2l Some subjective observations can be drawn from these patterns. It is common
in all patterns that a main trunk or bus line forms that carries the majority of the inbound
current to the sink. The trunk tends to be centrally located in the cell and to accept periodic
inputs from second-tier tributaries. The tributaries appear to intersect the trunk lines at
relatively regular intervals, setting up the appearance of a fractal relationship between three
or four tiers of grid lines: the smallest lines spaced by element size, the second and possibly
third-tier tributaries, and then the third- or fourth-tier main bus. These emergent, tiered

relationships are consistent with the multi-order constructs espoused by constructal theory.

However, many patterns also contain more than one set of length scales. In particular,
the bottom two patterns in have different behavior regimes on their left- and
right-hand sides. The apparent chirality of these patterns probably arises from a tie-breaking
convention in the greedy optimization loop (algorithm that prioritizes neighbor vertices in
the order they were initialized in the event of two neighbors presenting exactly equal power
reward. This mechanism results in different orientations of the tributary layer of lines, and

subsequently can result in multiple fractal-like relationships within the same pattern.

All four patterns shown here were optimized on a square-layout mesh with 4-neighbor
connectivity, which restricted the patterns to a certain regime of right-angle intersections
and city-like layouts. We see some indication in the resulting patterns that the choice of
static mesh is a limiting factor in the performance of the grids. In particular, a characteristic
asymptotic line shape emerges in multiple grid patterns. See, in the top-right
image, bottom right corner. This characteristic curve shows up in other patterns shown
here and at different scales. A similar curve can be found in most of the natural patterns
shown in The square mesh is strictly sub-optimal for this shape - it results in
inflated path length, increasing both resistive and shadow losses. The model chooses this
shape anyway, suggesting that there is a compelling advantage to the curve. A mesh that

could better accommodate such curves should result in better grid performance.

3.2.6 The Routing Problem is Hard
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Table 3.2: GridGraph size vs. estimated time to brute force optimal graph solutions

N | Elements | # Graphs | Est. Time

2 |4 8 6 ms

319 1728 0.8 s

4 |16 8,957,952 | 79 minutes

5 |25 7.4E+11 18 years

6 | 36 9.9E+17 | 34,600,000 years
7 |49 2.1E+25 1E15 years

Repeated runs with the graph optimization loop quickly reveal that repeated optimization
attempts can yield different results, especially with randomized starting connections. Each
routing decision made by the model is ”sticky”, as illustrated by Thus routing
decisions made early in the simulation can lock in the major watersheds and trunk locations
for the rest of the optimization run. While some grid solutions may appear obviously bad
- for instance, if all nodes are not connected to a sink - there is no obvious test for the
optimality of any given pattern except by comparing it against every other possible pattern.
This problem, therefore, has the hallmark properties of NP-Hardness. That is, the problem
appears to be both unsolvable and unverifiable in polynomial time, as it scales with the

number of vertices in the simulation.

3.2.7 Alternate Optimizer: Brute Force Search

If the only way to find the true optimal arrangement of grid lines is to try all combinations,
why not go ahead and do that? The futility of the exercise may be obvious to someone who
has worked with exponentially scaling problems before, but it is entertaining to observe just
how quickly this problem explodes in scope.

shows the number of possible grids it is possible to generate on a square
mesh with 4-neighbor connectivity when there are N = 1,2,...,7 elements per side. For

the software as-implemented, a 4-element graph can test one grid layout in just under 1 ms
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on a consumer-grade desktop computer. Assuming that rate holds for much larger graphs,
the time to explore the full space of possible grids grows to a geological time scale for the
6-by-6 and is larger than the age of the universe for the 7-by-7. Considering that some of
the patterns shown in are over 100 elements to a side, it should be apparent
that brute force search is not a feasible approach to the problem for solar cells with non-
trivial surface area. Unless a first-principles optimality proof for the gathering problem is
discovered, we should consider true optimal solutions to be un-provable. The best we can do
for this project, and possibly ever, is to search for incremental improvements. An account

of some alternate solvers and models that were developed for GridGraph can be found in

section C.1l

3.3 Ramified Grids - What Comes Next?

Work to date showed that the open-ended optimization of the solar cell front grid can pro-
duce small but meaningful improvements to the overall power output of solar cells, on the
order of 1%. The greedy cellular optimization method presented here resulted in perfor-
mant, ramified electrode patterns, and the software is extensible, allowing the introduction
of different physics and optimization methods. Longer term, the model’s exploration ca-
pabilities could be improved, and extensions to the framework could allow applications to

other areas of research with larger potential benefits. A more detailed list of potential

extensions to the work can be found in

Having created solar cell grid patterns that should outperform the current art, an ob-
vious question arises. Can these patterns actually be put to practical use? Are they even

manufacturable? The final sections of this report attempted to answer these questions.
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Figure 3.5: Four element example of the
”stickiness” of the graph optimization walk
with virtuous scaling. The triangle repre-
sents a power sink. The bottom right element
can get equal power return by going left or
right, but once the decision is made the other
choice becomes much less desirable. Because
of this, every cellular routing decision is self-

reinforcing,.
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Chapter 4

CONTROLLED-SIZE PRINTING WITH THE
ELECTROHYDRODYNAMIC INKJET PRINTER

In the previous chapter, an optimization algorithm was presented that generated detailed
ramified transport grids which could serve as high-performance solar cell front electrodes.
These networks were generated - and indeed are only helpful - under conditions of virtuous
line scaling such as is often found in additively manufactured metal lines. In the
case for very small line widths was made, with wires down to the micron scale offering ben-
efits insofar as they allow solar cell design to reduce or remove dependence on transparent
conductive materials. To truly make use of these combined requirements, an additive man-
ufacturing technique for grids of metal lines would need to be capable of printing metal lines
with controlled, on-demand thicknesses, down to the micron length scale. One of the only
contemporary technologies that can perform in this space is electrohydrodynamic (EHD)

inkjet printing.
4.1 Introduction to Electrohydrodynamic Inkjet Printing

EHD is an emerging additive manufacturing technology that utilizes a controlled voltage
at the tip of an inkjet nozzle to create very small drop sizes. Unique among inkjet meth-
ods, EHD is capable of micron- and sub-micron-scale printing, enabling additive affordable
creation of optically active 2D surfaces, micron-scale electronics and interconnects, and
biomedical devices.[106 38, [86]

Capable of printing at micron-and-below size scales, electrohydrodynamic inkjet (EHD)
has the potential to revolutionize the rapid additive manufacturing of electronic, optical,
and biomedical devices. However, the parametric complexity of EHD processes, the in-
herent noisiness of open-bed processing, and the high levels of precision and modulated
control required in many applications prevent EHD processing from finding commercial

manufacturing applications.
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4.1.1 FEHD Dynamics

The charge/discharge and ink drop formation physics at the EHD tip is a complex dynamic
process, and successes in in-situ monitoring[I32, [I61] and process modeling[66], [36] have
been unable to extend to the small micron-scale end of the EHD process window. The com-
plexities of system modeling derive largely from the dominance of surface tension energy at
the small length scales where EHD operates. To overcome this energy and form extremely
small femtoliter-scale drops, the EHD printer makes use of a Taylor cone, whereby a pro-
trusion of the ink itself serves as a field concentrator, allowing it to ”punch through” the
surface energy barrier.[62] 58]

The interplay of surface and electric forces at a curved liquid/air interface is central to
the main operating principle of the EHD. As the fluid collects charge, an increasing electric
field encourages it to move towards the grounded substrate of the printer. Eventually, the
magnitude of this electric force at the point of greatest curvature (where field line divergence
leads to the largest local field gradient) will exceed the surface tension force and cause the
formation of a conical extrusion known as a Taylor cone. The effect is self-amplifying, and
the Taylor cone grows until it contacts the substrate. The resulting discharge momentarily
damps the electric driving force, causing the Taylor cone to collapse and the process to start
over. This cyclic behavior is often referred to as the ”pulsating jet” or ”pulsed cone” mode
of EHD operation, and arises over many continuous usage conditions.[69, 37, [74] [7, 1T1] The
specifics of drop formation may vary when nanoparticles are the charge-bearing elements
in the ink instead of a polarizable solvent,[I120] but the cyclic behavior typically remains.
Any physics model that claims to predict or reconstruct the physics of an EHD print head

under practical manufacturing conditions needs to capture these dynamic effects.

4.1.2  Modeling the FHD Process

Several studies have identified numerical relationships or scaling laws in EHD print systems.
In particular, Chen et. al.[32] and Choi et. al.[36] described scaling laws for the pulsed jet
deposition mode of EHD printing. Park et. al.[I06] and Qian et. al.[II3] used numerical

and correlational models to predict feature sizes from voltage inputs, with subjectively good
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agreement between prediction and result when equipment parameters were held constant.

Several recent studies have also employed finite element or CFD methods to model the
evolution of single EHD drop or jet formation cycles through time.[I55] [48] [I08] The model
used in this work was a 2-dimensional CFD model by Jiang is constructed in COMSOL
Multiphysics and resolves the evolution of a non-compressible fluid over time while under the
influence of five forces: gravity, nozzle pressure, viscosity, surface tension, and electric field.
The model enforced continuity and momentum conservation and used Maxwell equations
to calculate electrical stresses. A detailed accounting of the model can be seen in [66].

The COMSOL model used a “leaky dielectric” assumption whereby free charges gather
near the surface of the charge liquid and employed a boundary layer with gradient properties
between liquid and free space to model ink geometry evolution. Only a single Taylor cone
formation cycle was provided, as the model does not provide for continual removal of de-
posited ink. (In reality, substrate velocity clears the print bed for subsequent drops.) While
this model provided a near-physically accurate dataset for modeling single drop dynamics,
it was not suitable to capture the long-term natural dynamics of multiple drops in an actual

print run.

EHD Dynamic Modeling

Properly instrumented, additive processes can provide a wealth of data to drive machine
learning (ML) modeling, prediction, and control; the EHD is no exception and may be
monitored in situ via signal characterization, imaging, and laser scattering. To capture the
dynamics of the EHD process, a machine learning framework that could learn to predict the
forward evolution of the EHD system from process data would be tremendously valuable.
The perfect state space knowledge of CFD models presents an opportunity to construct
data-driven models that rely and thrive on high-dimensional state space knowledge.
Several frameworks have emerged in the study and control of fluid flows — two notable
examples are dynamic mode decomposition (DMD)[56] and sparse identification of non-
linear dynamics (SINDY)[23], which provide structured frameworks for learning dynamics

operators in dynamical systems. The EHD system incorporates several independent control
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inputs, with tip voltage being the primary actuation, motivating the use of control variants
of DMD and SINDy[24), 112]. Such dynamical models have never been applied to an EHD
process. In this chapter, DMD was evaluated on the task of learning and recreating the
detailed dynamics of the EHD printer tip.

DMD is an algorithm for identifying the principle orthogonal components in a time-
series dataset and their linear dynamics. DMDc extends the method to admit independent
inputs (actuation) to the dynamic system — in the case of EHD, the controlled tip voltage
is the main actuator. Because DMD and DMDc require knowledge of the entire state space
(i.e., momentum at every point in space in a fluid system), the outputs of fluid dynamics
simulations of an EHD print head were used in lieu of real process data. The goal of the
project was to successfully reconstruct the fluid ink column at the EHD print head using
DMD modes and dynamics, and again with DMDec. If successful, this model would have
served as a launching point to develop similar models with sparse, in-situ observable inputs
from real-world EHD runs. Unfortunately, as will be seen, critical gaps in the capabilities
of DMD to manage nonlinear time dynamics and variable systems prevented the algorithm
from finding footing in EHD modeling.

An introduction to DMD, DMDec, and the methods chosen to find dynamic modes and

reconstruct state vectors in this work can be found in

4.2 Methods: EHD Dynamics Data

Ultimately, the goal of modeling the EHD process is to allow rapid exploration of input
waveforms to produce controlled line thickness results. This capability would allow the
EHD to print complex patterns in a single pass, ensuring good feature alignment. Examples
of functional patterns that require this capability are shown in The dynamic
system machine learning approach would have the added benefit of revealing the underlying
physics of the system while producing results with far lower computational overhead than
a full CFD model, but it required a corpus of training data. Three sources of data were
tapped to train the dynamic model, though only two were ultimately used. A comparison of
high-speed photography and the 2D model frame of an EHD mid-jet to the flattened state
vector used in this study can be seen in
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Figure 4.1: Examples of target micron-scale pattern capabilities with the EHD. Left:
controlled-diameter dots for metasurface lensing. Right: controlled-width metal lines for a

ramified charge transport network solar cell front grid.
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Figure 4.2: Comparison of photographic, 2D[66], and flattened 1D representations of EHD

jetting.
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Figure 4.3: High-speed images of a drop being ejected from an EHD tip over about 0.5
seconds. In the final frame, image processing elements are shown such as the substrate mir-
ror plane (horizontal line), the drop axis centerline (vertical line), and the jet measurement

region of interest (blue rectangle). Image Credit: Liangkui Jiang

4.2.1 EHD High-Speed Videos

A series of high-speed videos of ink drop ejection from an EHD tip were captured in the
Qin lab at Iowa State University — the ink and 100 um tip appear dark against a light
background in these images and the quartz substrate is a mirror, as shown in the figure
above. An image analysis pipeline was written to measure the width of the ink column
along the z-axis that runs from the print tip to the substrate in each frame of each video.
The square of the width is a relative measure of mass distribution along the vertical axis —
the series of measurements of mass over time and height comprise the state input training

data for the DMD model.

The analysis allowed measurements to be taken of the ink column, some of which are
listed in the table below. Jet duration, velocity, and thickness, along with the geometry
of the deposited drop, all varied with applied voltage. Interestingly, although drop veloc-
ity generally increased with higher voltage as expected, the remaining parameters showed
complicated variation with the applied voltage, with the largest drops being deposited at
the lowest voltage, and the highest setting of 1200 V exhibiting multiple droplets firing in
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DC | Height | Velocity | Duration | Jet Thickness | Drop Height | Drop Width
\% um cm/s s um um um
800 | 96.50 | 18.87 0.351 32.5 20.50 79.48
800 | 106.81 | 18.30 0.295 28.4 18.09 67.24
800 | 100.72 | 18.14 0.296 28.2 17.92 67.39
1000 | 121.00 | 19.48 0.196 12.8 11.00 45.85
1000 | 119.20 | 14.81 0.184 12.8 10.09 40.77
1200 | 122.78 | 20.23 multi 16.2 10.47 56.19
1200 | 124.47 | 20.35 multi 18.2 16.28 74.69
1200 | 113.27 | 20.23 multi 20.0 11.42 61.63

Table 4.1: Measurements from image analysis of high-speed video of EHD jet events

quick succession. The results emphasized the need for models to unpack the dynamics of
the system, and for those models to correctly capture pulsed-jet-mode printing events.
While these high-speed images provided rich dynamical data, they raise a critical prob-
lem for training DMD models: small variances in the geometry of each experiment vis. the
distance and angle between the print tip and substrate mean that no two videos yielded
state vectors of the same length. From the perspective of a DMD model, each video would
need to be a completely new dynamical system, precluding the transfer of a single DMDc
model between runs with different control inputs. For this reason, the high-speed images
were first used as reference footage to construct finite element CFD simulations of the jetting
process, and the synthetic datasets were used in the first attempt at fitting DMD models.
details the FEA models that generated DMD training time series data.

4.2.2  FEvaluation of DMD Modeling

Successful dynamics models would be able to “play forward” each training CFD dataset
from only the first frame, using a compressed dynamics representation. A DMD model

attempts to find an operator A that describes the time evolution of state X of a dynamical
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Figure 4.4: Computational models of EHD jetting. Left: 1-dimensional multi-jet fluid
model. Upper right: 2-D polar-symmetric CFD model from Jiang et. al.[66] Lower right:
DMD model (red) and 2D CFD model (black) state comparison, showing small errors in

DMD reconstruction.

system, i.e. X’ ~ AX. DMD identifies this operator in a subspace defined by the principal
dynamic components of X, identified by performing an eigenvalue decomposition on the

dynamics of the system, then casting the dynamics into subspace A:

X~ USV*ArUX'VE?
In a first investigation of the capabilities of this method, the reconstruction accuracy

of DMD and DMDc on single-jet and multi-jet simulations would evaluated using the A

operator.

4.3 Dynamic Modeling Results

DMD was first evaluated on a single run dataset extracted from a constant-voltage simula-
tion in the 2D CFD model, flattened to one dimension by summing across pixels equidistant

from the substrate. DMDc was evaluated on a collection of runs from the 1D numerical
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model over longer timeframes, comprising multiple cycles of EHD jetting and alternating,
constant, and random Perlin noise voltage control inputs. DMDc was evaluated twice —
first in training on each individual generated dataset, and again when trained on a single
concatenated stack of state vectors from all generated runs.

In the case of both DMD and DMDc evaluations, success was defined to be a mean
absolute error (MAE) of j 0.1 when reconstructing the training run from its first frame.

¢

Reconstructions were evaluated against a baseline “model” that predicts zero mass for all

elements and frames of the reconstruction. Results of model reconstruction are summarized

in [Table 4.2

Model Mean Absolute Error

Dataset | Baseline | DMD | DMDc DMDc

(all-zero) (Individual) | (All)
2D CFD | 0.231 0.007 | 0.035 NA
AC1 0.218 0.192 | 0.300 0.580
AC2 0.184 0.180 | 0.250 0.310
AC3 0.197 0.190 | 0.280 0.248
AC4 0.211 0.208 | 0.340 0.598
DC 0.247 0.205 | NA 0.294
Perlinl 0.200 0.205 | 0.305 0.278
Perlin2 0.165 0.169 | 0.270 0.224
Perlin3 0.179 0.177 | 0.350 0.221
Perlinb 0.199 0.157 | 0.269 0.400

Table 4.2: MAE for reconstructions of EHD model runs by DMD, DMDec trained on single

runs, and DMDc trained on all runs

DMD (and DMDec, as a sanity check) were able to reconstruct the single jet cycle from
the 2D COMSOL model run. However, neither DMD nor DMDc algorithms were able to

reconstruct any of the multi-cycle datasets produced by the 1D EHD model. A selection of
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Figure 4.5: Selected frames from ground truth (black) datasets and their and DMD recon-
structions (red). Training sets were 2D (left) and 1D (middle and right) models. DMD
and DMDc were able to reconstruct a single jet cycle, but any multi-cycle behavior caused

immediate divergence from the training data.

frame comparisons between ground truth and reconstruction can be seen in Figure 3.

The simplifying assumptions behind the 1D model take it well outside of physicality
— additionally, only cursory manual tuning was attempted insofar as the model needed to
exhibit periodic jet formation in an objectively similar fashion to that observed in an actual
EHD printer. Future refinements to the model, especially its treatment of curvature and
field concentration effects, could bring it in line with the COMSOL Multiphysics model in
terms of accuracy. Nonetheless, the 1D model’s dynamics were well defined and consistent
within the range of inputs used to create the dataset, and so the failure of DMDc to fit the

dataset speaks to a fundamental mismatch between the model and the task.

4.3.1 The Problem with Non-Linear Time Effects

While DMD was fully able to recreate a jet cycle, it failed when confronted with multiple
cycles. Notably, the behavior of the EHD at the time of jetting onset is decidedly nonlinear.
As shown in [66], a threshold voltage is required to overcome surface tension at the nozzle
tip and initiate a Taylor cone formation. The Taylor cone is a field concentrator and
grows rapidly in a positive feedback loop once initiated, but the energy barrier needs to be

overcome before every jet pulse during long runs.
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DMD and DMDec, which assume a priori that the operator A is linear, may be fun-
damentally unequipped to deal with this nonlinear jet onset behavior in time. Therefore,
the models fail to reconstruct jet dynamics as soon as more than one cycle is included in a
dataset. In canonical uses of the method such as turbulence and strange attractors, the total
energy remains stable (or decays) and is always visible in the state variables. EHD, while
comparatively simple, involves long periods of total dormancy in the mass-distribution state
variable while the hidden state (voltage, or accumulation of charge) increases to a threshold
value. This hidden threshold behavior may be beyond the capabilities of DMD to reproduce.

DMD can capture arbitrary and non-linear effects in its X and X’ state variables, but a
modification to the method is needed to allow for nonlinear effects in the Koopman operator.
Perhaps in future work, substitution of a neural network for the forward evolution of time
dynamics, such as that demonstrated by Yeung et. al.,[I57] could recover the EHD’s pulse

behavior.

4.3.2  The Problem with EHD Spatial Variability

A second problem with dynamic models - one encountered briefly when trying to train
models using the high-speed image dataset - is the variation inherent in repeated runs of
the EHD printer. Very precise tip height control is not present in any of the tools we
have access to, so the state vector X will vary in dimension from run to run. Additional
variations in ink and substrate are likely to produce marginally (or significantly!) different
dynamic modes from one run to the next. In other words, the dynamic modes from past
DMDec training runs may not transfer to the future.

To solve this problem, methods would be needed that delocalize the dynamics of the
ink column. Recent forays into applying convolutional networks as the spatial inputs to the
DMD process[90l [142] could possibly accomplish this, at the cost of a significantly expanded

dataset requirement.

4.4 End-to-end Machine Learning

While dynamic mode decomposition models could reproduce the time series evolution of

single jet events, they failed to converge on the prolonged time-series behavior encountered
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in practical printing environments. Because this modeling approach could not replicate the
time-series behavior of training data, we did not expect these methods to be capable of
predicting unseen system outcomes or generalizing the physics of the system. Tackling this
challenge would at least require significant modification to the Koopman operations that
approximate dynamics both in space and time.

These difficulties in bringing dynamical models to bear on the EHD process may be
surmountable! But they will not be trivial by any stretch of the imagination. Instead, we
decided to pivot our modeling approach to a well-understood alternative that trades away
interpretability by deploying the most successful black-box models of the contemporary
machine learning field. We would apply end-to-end supervised ML toward model-based
printer control for the remainder of the project.

Supervised ML describes the process of using powerful function-approximating models to
reproduce tabulated datasets. The ”supervision” process involves using a training dataset
where ”correct outputs” are known for a set of inputs. An effective model can generalize
to new, previously-unseen inputs and accurately predict outputs in novel situations. For an
EHD process, the ”inputs” would describe the voltage and waveform delivered to the print
head, and the outputs might characterize the printed features that end up on the substrate.
A low-error model of this type could be used to implement ”model-based control” of the
printer, where the control algorithm runs different inputs past the model until it gets an
answer that it likes before executing that hero input in the physical system.

The most successful recent ML models have often trained on extensive open datasets
of images, text, or other data types. However, no such dataset exists for EHD printing in
the available literature. If a supervised ML approach were to be successful, I would have to

create the training data myself.
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Chapter 5

BUILDING AN EHD PROCESS DATASET

Taking an ML approach to model the EHD process meant one thing above all else: we
would need data. Supervised ML excels at taking advantage of large datasets to predict
trends, and the data is the critical enabler. Data needed to be created, curated, and collected
before any ML work could occur. Creating the software and hardware interfaces, formalizing
a workflow, and turning the crank on EHD experiments comprised the bulk of the effort

needed to create an ML-driven EHD control scheme.

This chapter outlines the EHD data generation strategy; illustrates the main
steps of the process. Rapid serial exploration of precisely controlled waveforms with custom
hardware generated large-area arrays of hundreds of EHD patterns, each representing the
output from a unique waveform input. Then ex-situ optical microscopy and custom image
analysis were used to parse and filter the results, resulting in a curated table combining
thousands of experiments created across multiple experimental runs. This chapter details

the methods used and challenges encountered during dataset creation.

Before anything else could happen, a decision was needed: which process variables would
be controlled by the machine learning model, and which would not? Many physical inputs
and print parameters can significantly affect the morphology of EHD printed features, espe-
cially the size of the print nozzle aperture, its standoff distance from the grounded substrate,
and substrate velocity relative to the print head. Aperture size is difficult to modify without
changing equipment, but the X, Y, and Z axis operations are, in principle, easy to modu-
late. However, these macro stage directions were locked behind proprietary software on the
SI1J-150 EHD system that would be performing experiments.

So, setting aside the robotic control of the printer, the primary control interface was the
voltage applied over time to the print head. This waveform is solely responsible for driving

ink from the print nozzle to the substrate in the SIJ-150. The space of possible waveforms
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Figure 5.1: Process map of the data generation strategy for supervised training of an EHD
process model. Rapid serial waveform trials, with ex-situ microscope characterization and
image analysis of the printed features, which are logged to a growing database. A vector of
float values are the weights that define the input waveforms X, and measurements in um

comprise the target values Y.

is theoretically huge if sufficiently flexible voltage hardware is available. So, the first order
of business was to set up this voltage control hardware.

As illustrated by an arbitrary function generator was chosen to generate
programmatic waveforms and inserted into the SIJ printer’s control loop. Details of this
setup can be found in The system was able to pass custom waveforms to the
printer and print several features using the waveform at a frequency of 1 new waveform every
3 to 4 seconds. One hour of run time could now produce roughly 1,000 custom-generated

waveforms. This would suffice to generate datasets for ML training.

5.1 Rapid Serial Experiments with an Arbitrary Function Generator

With a system in place that could generate custom waveforms and deliver them to the
EHD print head, the next order of business was the creation of a standardized experimental

protocol. By locking in a specific pattern on the SIJ-150 and standardizing experimen-
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Figure 5.2: Hardware schematic for making rapid serial datasets. [Top] The process control
loop, with signal generator inputs to the process, ex-situ microscopy, and classical image
processing to generate learnable metrics. [Middle] A modified SIJ-150 control path with a
PC-controlled AFG allows pseudo-real-time process control. [Bottom] Rapid serial experi-

mentation strategy, with tandem repeats of randomized waveforms.
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tal timings between the printer, signal generator, and the computer script responsible for
choosing waveforms, the downstream steps of image and data processing would be easy to
automate. Some details of the experimental setup can be found in

Choices of material systems were locked in during early experimental runs. Polished
silicon wafers were used as the substrate of choice for all runs because the atomically flat
surface of polished silicon removed surface roughness as an uncontrolled variable. Doped
silicon also brings a higher baseline conductivity to the process than other standard choices
of substrate such as silica glass and polymer, decreasing the resistivity between the printing
surface and the grounded stage of the SIJ system. Si substrates were prepared either by
washing in isopropanol and de-ionized water or were used out of the box without significant
surface treatment. Pressurized air dried and removed dust from the substrate surface before
every experiment.

The printing ink of choice was AGK-104, a silver nanoparticle formulation by KGK
Nano, Japan, that was one of several recommendations by SIJ for printing conductive line
traces. Common wisdom in the lab held that AGK-104 was a well-behaved ink and a good
choice for printing conductive traces. Nano-silver is conductive and relatively nonreactive,
and the high mass loading of this particular ink lent itself to creating robust continuous lines
with a single printing pass. The ink sinters at less than 200 C in about an hour, making it
an easy choice for development work. AGK-104 contains about 60 wt% of 10-20 um silver
nanoparticles coated in a proprietary ligand and suspended in nonpolar tetradecane solvent.
A hydrophobic 0.2 um PTFE syringe filter removed particle agglomerations from the ink
before each print run.

Metal nanoparticle inks with nonpolar solvents like AGK-104 have a particular response
to EHD processing, as observed in EHD printing of a nano-gold colloidal solution by [120].
The field-driven ejection of such inks is thought to be caused primarily by a dielectrophoretic
force that acts by polarizing the metal nanoparticles in the ink, then accelerating them in
regions of nonuniform potential. In the SIJ print head, nonlinear potentials arise in at least
three regions. First, a field concentration region lives at the tip of the metal electrode,
located several millimeters above the nozzle. Second, the nozzle tip is a field concentrator,

and the degree of concentration effect will change with the ink meniscus profile. Third, a
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Figure 5.3: Plot of characteristic deposition modes when printing metal nanoparticle inks

in nonpolar solvent. Reproduced from [120].

nonlinearity will occur in the boundary layer near the ink-air interface due to the change in
dielectric constant between the solvent and the air.

The sharp Taylor cone effect that was first described by [138] depends on the polariza-
tion of solvent molecules at an air interface and will generally not occur in ink systems with
nonpolar solvents. Many of the accepted EHD printing modes described in the literature,
such as jetting, sprays,[39] and pulsed cone printing[37] may not be accurate characteri-
zations of the printing landscape driven by dielectrophoresis. Instead, [120] proposes the
printing landscape reproduced in with characteristic print onset boundaries. On
the voltage axis, a critical onset voltage represents the net force needed to overcome surface
tension at the print nozzle aperture. On the time axis, the critical pulse length represents

a combination of characteristic rates: polarization of particles, particle drift diffusion to
the ink interface, and droplet formation. Unsurprisingly, these characteristic thresholds

reappear to some extent in the datasets produced by printing AGK-104 ink.
5.1.1 Ezxperimental Design is Destiny

In an early example of a recurring theme in this project, early decisions made while setting

up the data-gathering hardware would have significant downstream impacts when it came
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to bounding and biasing the machine learning models that would eventually emerge from
the datasets produced by the rapid serial experimental setup. The choice of 300 um pattern
pitch created an implicit upper limit of printed feature size of 200 um, with a soft barrier
closer to 100 pm to allow for a safety margin between adjacent lines of prints. Additionally,
the 50 m ™! dot frequency created a transition at the feature size matching the dot pitch of
50 um: features with widths less than this size would result in isolated dots on the substrate,
while features with widths larger than this threshold would merge on the substrate with
their neighbors, resulting in continuous regions of ink.

Even more significantly, the specific hardware setup of the modified SIJ-150 forced cer-
tain variables to be held constant, allowed others to be controlled once at the start of each
experiment, and rendered others hidden or uncontrolled. A summary of some significant
experimental parameters and the scope of control exerted across the EHD dataset is sum-
marized [Table 5.1

A significant degree of variability in the ink’s surface contact angle was expected to arise
from the combination of uncontrolled surface and atmospheric conditions. A reduced contact
angle will reduce the contact pinning effect at each droplet’s edge, increasing droplet spread
on the substrate. Generally, a higher contact angle is preferable because it allows smaller
features and higher metal concentrations to deposit in a single pass. Using a nonpolar
solvent ink may have reduced the sensitivity of contact angle to surface charge dynamics
and humidity variability. However, the contact angle was still expected to be a significant
source of noise in the dataset.

One final potentially significant source of variation arose from the operation of loading
ink into an SIJ printing nozzle. This is a touchy manual operation that involves pipetting 1
pL of fluid into an extruded glass needle, and air bubbles will often become trapped in the
ink column during the loading process. These bubbles do not necessarily prevent printing,
but they could change the response profile of the printer. (We will hypothesize some massive
defects effects caused by bubbles in the ink column in subsequent chapters.)

Finally, the AGK-driven setup gave rise to some practical challenges. Loss of signal and
software delays between the PC and AFG could cause experiments to be dropped, delayed,

or in rare cases, cause the entire system to crash. These events needed manual correction in



Table 5.1:

Factors affecting EHD print results

Factor

Scope of Control

Value(s)

Atmospheric conditions

Uncontrolled temperature &

Lab conditions

humidity

Ink formulation Constant AGK-104 nano-
silver ink

Ink preparation Constant 0.2 micron PTFE
syringe filter

Ink temperature Uncontrolled Lab room tempera-
ture

Nozzle stand-off height Changes every experiment, | 10 to 40 microns

rough manual measurement

SIJ nozzle aperture

Uncontrolled within manufac-

turing tolerances

2-6 micron aperture

SIJ nozzle size

Changes every experiment

Super-fine,  stan-
dard, or Large SIJ

nozzles

Substrate material

Constant

p-doped 110 pol-
ished Si

Substrate treatment

Changes every experiment

IPA and H»0 wash.

Pressurized air.

Substrate velocity

Constant, machine-controlled

100 um/s

65
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the generated datasets. While initial plans involved using this system as a final conduit to
control the printer during test prints, the PC-to-AFG link was prone to 1-second latency
gaps between sending a new waveform and printing it. The delay rendered any attempt to
synchronize with XY stage control virtually impossible. And most persistent of all problems,
many print runs were prone to tip clogs that needed to be manually cleared in the middle
of each experimental series, causing data loss and possible process drift.

Despite these problems, the SIJ-AFG system enabled a dataset of several thousand
individual waveforms over multiple weeks of experiments, at least an order of magnitude
larger than would have been possible without the system. It was fundamentally irreplaceable

in enabling a mass exploration of the effects of input waveform on printed EHD features.
5.2 Exploring Waveform Space

In addition to the benefits in throughput and programmatic control that the AFG provided,
it also allowed experiments to reach beyond the specific repertoire of waveforms that the
base SIJ printer software could produce. Rather than being limited to square and sinusoidal
waveforms, the function generator allowed experiments to deploy virtually any conceivable
waveform, opening up a vast range of potential inputs. Why was this additional flexibility
necessary?

An early hypothesis was that EHD ”super waves” might exist within the printing land-
scape. Such waveforms would take advantage of electric or acoustic resonances within the
tip/ink/substrate system to produce superior printing performance. For example, if res-
onance could reduce the back-pressure threshold for the ink to begin extruding from the
nozzle head, then printing could be performed at lower voltages, allowing controlled de-
position of sub-micron droplets. Alternatively, a family of waveforms resistant to nozzle
clogging might be identified. Discovery of these waveforms would require a broadly capable
parametric description of waveform space.

On the other hand, a naive random approach to waveform generation would be unwieldy.
For instance, randomly selecting the 8,000 float values that make up each wave function in
the AFG would generally produce a consistent flavor of white noise. More principled ap-

proaches to generating random waves exist, such as Perlin noise and wavefunction collapse,
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which would ”smooth out” the functions produced by the random generator. However, these
heuristic, gradient-based approaches still lack an underlying representational basis besides
the waveform itself. Datasets consisting of these random waveforms quickly fall prey to the
curse of dimensionality,[16] whereby the representational density of a dataset existing in a
high-dimensional space becomes sparse as the volume of possible inputs scales exponentially
with the number of dimensions. At 8,000 dimensions, the number of data points needed to
explore waveform space fully is cosmically larger than anything our system could produce
in a reasonable time.

Instead, the first datasets were generated using a spectral approach. Various base
functions were good candidates to describe the spectral decomposition of waveforms, with
wavelet functions being one popular choice. Instead, we chose to start with the classical
choice, describing waveforms in Fourier space by constructing them as a sum over harmonic

sine wave functions.

5.2.1 Harmonic waves

The datasets created using the ”harmonics” wave generator used a random process that

produced waveforms U according to

N
Ux(t) =Y sin(it) | t € (0,1)
=1

where ¢ between 0 and 1 describes the time window of the waveform. This is a sum
over N harmonics, starting with a principle wave with a frequency double the time window
width. Since all experiments used a time window of 1/4s, the harmonic components had
frequencies in the harmonic series (2,4,6,...,2N)Hz. X was an N-dimensional vector with
each element x; drawn uniformly i.i.d. from the range [—1, 1].

These functions have the practical property of being zero-bounded; U(0) = U(1) = 0,
which returns the printer to a ”safe” zero-voltage state at the beginning and end of each
wave. The sinusoidal basis functions are also orthogonal (though not orthonormal), and all

have the same amplitude of 1.
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In practice, U needed to reside in the
domain —1 < U < 1 for delivery to the
function generator. A bootstrap experi-
ment defined a scaling function that scaled
the waveform generator so that 10% of
generated waveforms would clip into the
domain limit. Using this scaling param-

eter P =

0.8
4.4%x10~5N3—-5.4x10~3N2+0.31N+0.19’

the waveform generator would return the
waveform PUx to the SIJ amplifier. The
vector X containing the randomly gener-

Figure 5.4: Example of rapid experiments ated weights of the harmonic basis func-

rinted using the 6-component harmonic wave . .
p g p tions was saved and would serve as the in-

generator. put value for ML training.

An initial test dataset with dimension-
ality N = 16 proved too sparse to allow ML models to converge - after that, all harmonics
datasets used N = 6 harmonics. In practice, these waveforms tended to produce a wide
range of feature sizes with no or minimal clogging over long runs. displays some

example features from a large-nozzle harmonic generator run.

With six harmonic components, the fastest component frequency was 10 Hz - this would
likely be too slow to excite any of the interesting acoustic resonances in a micron-scale
SIJ print nozzle. Even before exploring the space of higher frequencies, however, a more
practical limitation arose: with response times on the order of 1-2 seconds, it eventually
became clear that the programmatic interface to the AFG would be too slow for practical use
in a multi-feature print operation. For real-world ML-driven printing, all models would need
to speak in a waveform language that the SIJ printer’s native software could understand.

This motivated a move to a simpler regime of waveform generation: square waves.
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Figure 5.5: (Left) plot of experimental results and (right) example deposited features from

rapid experiments using square wave inputs.

5.2.2  Square waves

The ”square” waveforms were simple square wave functions with randomized pulse voltage
and width. These waveforms were chosen to be directly transferable to SIJ recipes, allowing
outputs from any models trained on the datasets to be directly transferable to the real sys-
tem. They also represent an easily interpretable experimental space that could be plumbed
for insight into the time-voltage dynamics of the EHD.

shows data from the first experimental square wave run, along with exam-
ples of some of the printed features produced by the square waves. This particular print
produced a greater proportion of very large features and no-jet events than the harmonic
waveforms had. Notably, clear boundaries became apparent in the process window that
closely resembled those observed by [120]. A threshold value existed on both the voltage
and the pulse width axis below which no jetting occurred (the blue dots.) These thresh-
olds appeared to be more or less independent of each other. I.e., the voltage threshold of

about 210V was largely independent of pulse width, and the pulse threshold of about 20 ms
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appeared independent of voltage.

The threshold values appeared to be characteristic of the system. In particular, according
to one working theory, they were indicative of the energy (voltage) and kinetic (pulse width)
barriers that governed the boundary between waveforms that would eject ink and those
that would not. Because of this, two additional steps were added to the beginning of all
experimental runs after August 2022. First, the critical onset voltage would be measured
using a pulse width of 0.5s - this would be the lowest voltage that would cause any volume of
ink to eject from the nozzle tip. Then, the critical onset pulse width would be measured at
1.5 times the threshold voltage. Again, this was the shortest time that the set voltage could
coerce any ink onto the substrate. Throughout subsequent experiments, onset voltages were
measured from 66.0 to 116.1V, and critical pulse widths ranged between 1 and 96ms.

As the first attempts at using ML models trained on square wave datasets to control
the printing process showed results, it became clear that an additional set of experiments
dedicated to printing continuous lines would be necessary to generate models for an ML-
controlled demonstration of printed conductive traces. The final wave generator for sinusoid-

driven lines was the result.

5.2.8 Sine Line waves

As with the square wave prints, the ”sin-line” wave generator was designed to create wave-
forms that would translate directly to the SIJ-150 printer. Waveforms were sine waves
defined in a two-parameter space of frequency and amplitude. Frequency was drawn from a
uniform distribution between 10 and 1,000 Hz (the upper limit of frequency control on the
SIJ printer), and voltage was selected in a range between 0.85 and 1.0 times a maximum
value that is chosen manually during the experiment. The lowest value of the sine wave was
always pinned at OV.

Line print experiments were executed differently from the dot experiments performed
up to this point. The waveform played continuously for the duration of the print, and the
substrate velocity of most of the sin_line datasets was increased to 500 um/s, resulting in

a more spread experimental layout on the substrate. displays an example image
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Figure 5.6: (Top) example printed features, (bottom left) experimental results, and (bottom

right) histogram of all feature sizes from sine-wave line printing experiments.

from one sin_line run.

The bottom left of shows a characteristic dataset from a sine wave line run.
Print size consistently fell off as frequency increased, especially above 600 Hz. An overlay
histogram of line widths from all runs performed this way, in the bottom right of
reveals that there was a practical lower limit across all experiments of about 20 um line
width and a fall-off in occurrence above about 150 pm line width. The lower limit was
likely due to a combination of the arbitrary choice of velocity and a minimum flow rate
thresholding effect in continuous printing that we will discuss in more detail in subsequent
chapters. For now, suffice it to say that the collection of sine line experiments produced

a dataset that mapped about one order of magnitude of line width variation to waveform
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voltage and frequency and provided training support for ML models to control line print

patterns.

5.2.4 Running the AFG

It may be worth recording a few lessons learned from SIJ-AFG experiments in case future
practitioners wind up in similar straights. The primary learned skill relevant to running
the system was the ability to quickly tune the voltage window of the random waveform
generator to produce useful results. Of course, massive voltage numbers were to be avoided,
lest feature sizes go over 300 wm and spill into the adjacent lane of experiments. But
an excess of low voltages also needed to be avoided in the interest of clog prevention and
maintaining an interesting dataset. A prospective goal of the machine learning exercise was
to classify which waveforms would result in jetting. Therefore, datasets needed to include
some proportion of non-jetting waveforms to allow training and testing on the classification
task. Unfortunately, executing multiple back-to-back non-jetting waveforms tended to fully

clog the printer, preventing all prints until the nozzle could be unclogged.

To enable voltage fine-tuning and de-clogging, a real-time voltage control was added to
the random search waveform generator. The voltage could be modified mid-run to adjust
the balance of non-jetting inputs, or large bursts of voltage would serve to clear full clogs.
The real-time voltage control also compensated for process drift, particularly useful to offset
the consistent phenomenon where slightly higher voltages were needed as a run proceeded
over minutes or hours of continuous printing. The experimental code logged the voltage
setting for each generated waveform for later integration into a training dataset.

The final generation pipeline would proceed as follows. A random vector X € RY was
generated in software, describing a parametric wave function. This vector constituted six
floats in the range (—1, 1) for the harmonic generator, two floats in the ranges (Vinin voitage, 1)
V and (Tin puiser Tmaz puise) seconds for the square wave generator, and two floats in the
ranges (Vimin voltage, 1) V and (10,1000) Hz for the sine wave generator. Then a waveform
U(X) € R3% would be generated from the parametric vector and bounded within —1 <

U < 1 if needed. Finally, a scaled waveform U’ was delivered to the EHD printer amplifier
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per

,_VUX)
v= G

where V' is the user-supplied max voltage and G = 300 is the gain of the amplifier. X,
U, and V were all logged for future inclusion in a database as model inputs. A repository
of software that implements the waveform generation loop is available at https://github.
com/onakanob/Waveform-Parmeterization.

After using the generation loop to print extensive experiments of varied features, the
geometric properties of the printed features, which would comprise the outputs Y for the

ML training task, needed to be characterized.

5.3 Measuring EHD Printed Features

Real-time feedback is a boon to virtually any controllable process. Additive processes, with
their compact print heads and open-bed access, are especially ripe for in-situ instrumenta-
tion. Processing in-situ data streams is one of the most common applications of machine
learning in the additive space,[50] and real-time imaging has played an essential role in
developing our understanding of the EHD process in particular, from the first observations
of Taylor cones [I38] to more recent efforts to codify the energetic and dynamic factors
underlying polar solvent printing. [32] [36] Our collaborators in the lab of Hantang Qin
demonstrated real-time in-situ characterization of EHD processes using high-speed video of
the print head [I32] and laser scattering through a substrate [161].

Some unique challenges exist in characterizing the EHD process as it is implemented in
the SIJ-150 printer. As opposed to past efforts that utilized print heads and droplet sizes on
the order 10s to 100s of microns, our printer utilizes sub-5 um nozzle diameters and typical
standoff distances from the substrate in the range 5 to 40 um and as small as 1 ym. The
printer also uses a bulky motorized stage and an overhead gantry that make the geometry of
fitting optics into the print housing challenging. Nonetheless, attempts to deploy several in-
situ monitoring solutions were made, detailed in[section G.3] These projects met with mixed

success, but none of them were reliable enough to produce the extensive measurements that


https://github.com/onakanob/Waveform-Parmeterization
https://github.com/onakanob/Waveform-Parmeterization
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Figure 5.7: A full mosaic image of one experimental EHD run using harmonic waveforms.

It contains 680 experiments.

would be needed in a ML-supporting dataset. Instead, an ex-situ measurement strategy

would produce the feature measurements for the EHD dataset.

The print experiments described in the previous section generated large-area (up to 1
cm?) prints containing hundreds of individual experiments. Each pattern would be post-
processed using ex-situ microscopy. Each print needed to be imaged, isolated, and charac-
terized using an image analysis pipeline. Then, the entire set of results would be quality-
checked, indexed against saved waveforms from the waveform generator, and appended to

a multitask repository of print runs.

An Olympus OLS41 optical profilometer created stitched mosaic images that covered
the entire print area. provides one example of a stitched image. (These pictures
contain no surface profile data - the profilometer was simply the nearest instrument with

motorized stitching capabilities!) These large-area images served as inputs to a series of
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software modules; that image-processing pipeline is discussed in detail in

In ML parlance, every run and its constituent experiments constituted one ”task.”
The overall EHD dataset contained many tasks, each executed with slight variations of
equipment, ink condition, atmosphere, temperature, and so on. Training machine mod-
els that could contend with the variance that would arises from one EHD task to the
next would occupy the remainder of the project. A unified interface for loading, folding,
and preprocessing the multitask dataset proved necessary. To that end, in addition to
image analysis and data collation tools, the dataset repository contains a data loader ob-
ject, importable as ”ehd_dataset.EHD Loader”. The data loader provides a standardized
set of tools for applying filters to data points and returning folded training and valida-
tion sets of filtered tasks. The complete behavior and API of the loader is available at
https://github.com/onakanob/ehd-dataset.

The EHD_Loader can return inputs ”X” and outputs ”Y” in several pre-set formats,
summarized in (Some of these return types only make sense in the context of
specific ML challenges that arose during the project.)

5.4 The EHD Multitask Dataset

In total, 25 individual EHD mono-task runs were completed over about a year of experimen-
tation. Each run comprised about 150 to 700 unique waveform experiments, with conditions
ranging over three SIJ tip sizes, a range of standoff distances, and three waveform genera-
tors. In the context of current ML datasets, the compiled multitask EHD dataset is small in
both the dimensionality of its representations and the extent of data it provides. However,
it may be one of the more valuable contributions made by this project to the additive- and
applied-ML field. Open datasets of process-property relationships in additive manufactur-
ing, especially EHD printing, are largely absent from the literature. Hopefully, by sharing
this data, future projects can use it as a stepping-off point for their own ML efforts or take
it as inspiration to expand and improve the corpus of EHD datasets with diverse hardware
setups.

The datasets, conditions, and number of experiments are summarized in A

complete download of the compiled dataset and all raw and processed images and run logs


https://github.com/onakanob/ehd-dataset.
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Table 5.2: List of data formats in EHD _Loader
Type | Name Description
xtype | vector The raw parametric vector that produces the wave-
form
xtype | wave The raw wave vector that was delivered to the AFG
xtype | last_wave Concatenation of the last wave to play, its measured
result Y, and the current wave
xtype | normed_squares Vector of volts and pulsewidth, each value normalized

by their threshold value

xtype | v_normed_squares | Vector of volts and pulsewidth, only the voltage nor-
malized by its threshold value

xtype | transformed_sines | Vector of volts and frequency, with a specialized
transform applied to the voltage

ytype | area Total printed area in jim?

ytype | print_length Length of the print area bounding box

ytype | max_width Width of the print area bounding box

ytype | mean_width Area divided by print_length

ytype | obj_count Number of detached printed features in the experi-
ment

ytype | jetted True if area > 0, else False

ytype | jetted_selectors A 2-element binary vector: [1, 0] if jetted, [0, 1] if not.

(Required for certain classifier models.)
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Index of all EHD experimental runs in the multitask dataset

Table 5.3
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can be found at https://digital.lib.washington.edu/researchworks/handle/1773/
49974, Unless otherwise specified, subsets of this data served as training inputs to all
subsequent models in this report.

The dataset is not exhaustive in its exploration of combinations of per-run parameters
like standoff height and tip choice because the complete list of runs was not planned from
the start to be explorative. Instead, choices were made organically throughout the project
in response to specific needs. The runs can be roughly divided into three epochs. The
first, lasting until August 2022, was comprised strictly of large-nozzle runs, primarily using
the harmonic wave generator. These were exploratory runs intended to explore the process
space and set the benchmark for ML training in EHD process space. SIJ produces three
nozzle sizes (Large, Standard, and Super-Fine), with aperture diameters that range from
about 2 to about 7 um. (The exact tolerances for each size are a trade secret.) Large nozzles
are less prone to clogging and tend to produce larger features that are easier to characterize
in optical microscopy.

The second epoch of experiments began in September 2022 and pivoted to square wave
process space in the interest of training models that could be transferred to the SIJ-150’s
native software. Voltage and pulse-width threshold measurements were performed at the
beginning of each run, and all models which rely on these measurements would be unable
to train on datasets gathered before this transition.

Finally, after initial ML-driven control efforts showed poor transfer of knowledge from
dot-printing to line-printing tasks, the sine-line waveform generator became the primary
experimental driver. Beginning in March 2023, this third epoch of experiments filled out
the final training dataset. Sine line datasets were also strictly confined to the Standard
nozzle size and used an increased substrate velocity of 500 um/s to take advantage of an
inverse relationship between velocity and line width. Due to that high velocity, all sine line
datasets but one contain fewer than 200 experiments. The dataset titled ”1-Apr-23_std-
lin-line-20um” was excluded from most ML training activities because of a highly irregular
pattern of feature sizes. (More on that in [chapter 8])

A reduction in the number of experiments per run occurred gradually over the course of

dataset generation. In early square wave experiments, model accuracy showed diminishing


https://digital.lib.washington.edu/researchworks/handle/1773/49974
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returns when increasing the number of training points above 100-200. So in later runs,
increasing the number of runs took priority, translating to fewer experiments per run. The
shift improved the breadth of the multitask dataset without compromising the accuracy of
individual trained models, at least for the lower-dimensional square and sine-wave input
types. Then, the increase in velocity when printing lines locked in this reduced experiment
count by bringing the number of experiments that could fit in the 1 cm print area to about
200.

Fully assembled, the dataset collated the results from over 7,000 EHD experiments on
dot and line printing tasks under a handful of print runs that captured some of the natural
variability inherent in running the SIJ printer. It provided the data needed to support the
training and validation of ML models on the tasks of jetting and feature size prediction and,

ultimately, to deploy a model-based control loop to create recipes for EHD runs.
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Chapter 6

SUPERVISED MACHINE LEARNING FOR THE
ELECTROHYDRODYNAMIC INKJET PRINTER

The first choice to model the EHD printing process used dynamical models, a class of
numerical model that would ideally capture and help to reveal the inner physical dynamics
of the printing process. As described in however, key difficulties arose when
attempting to apply these dynamical models to the EHD. Most notably, the system’s non-
linear behavior due to strong energy and kinetics threshold effects in the system defeated
the naive application of DNDc models to predict printer behavior. Furthermore, inherent
variability in the geometry of the EHD setup would have posed challenges to framing the
dynamical models in a transferable way. So instead of pursuing the dynamical approach,

we pivoted to a black box, data-centric approach with supervised machine learning (ML).

The difficulties of EHD modeling do not disappear when we move to end-to-end ML, but
new tools became available to attack those problems. The requirement to retain detailed
state space information was removed, so we could move away from detailed simulations
and high-speed photography and consequently increase the throughput of data gathering.
The rapid, serial experimentation discussed in the previous chapter provided a much larger
and more varied set of training data. With larger datasets, supervised ML models like
random forests and neural networks become practical - these models are powerful function
approximators, effective at reproducing patterns with arbitrary, nonlinear characteristics.
Unfortunately, the details of the physics of the system are lost when these models get
involved. The EHD, all of its dynamism and process variation, is packed inside a black box
model. When the dust settles, it will be observation and intuition that extract physical

meaning from the project, not the models themselves.

Given a new dataset, a sensible first step will often be to train a model on the dataset

- essentially, this involves tuning the parameters of some numerical model to reproduce the
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data (or ideally, the function underlying the data) in the training set. We might test model
performance by withholding some data from training and using them to test the model,
and in an EHD printing context, we might say that such a model could have predicted the
downstream outcomes had the printer kept printing on the day the dataset was gathered.

This retrospective approach can only get us so far. The datasets of the past represent a
confluence of random factors that occurred on that particular day. Today, the printer needs
to be tuned and controlled in the light of a new dice roll of tip, ink, substrate, and atmo-
spheric conditions. Can yesterday’s models be used to control today’s EHD manufacturing
run? In ML terms, this frames EHD control as a transfer learning problem. Just as a hu-
man technician will draw on past experience to quickly tame the process, transfer learning
attempts to use learned patterns from past data, and perhaps past models, to efficiently
bring a control loop up to speed in a new environment.

To evaluate different modeling approaches on their ability to perform transfer learning
in the EHD dataset, I created a standardized evaluation loop that would automatically put
any prospective model through its paces. The test graded each model on two tasks (jetting
classification and feature size regression) using four metrics (F1 and AUC scores, Pearson
correlation, and mean absolute error). For an introduction to some key ML topics such as

performance metrics, bias variance trade-off, and few-shot learning, see [Appendix H

6.1 ML and Few-Shot Learning in Additive Manufacturing

In constructing ML models for EHD control, persistent challenges of sparse data and process
variability would arise. These problems are not unique to the EHD process, and others have
demonstrated applied ML in the additive manufacturing space, including in few-shot and
transfer learning applications. The high-throughput and close control of additive manufac-
turing would seem to make it a natural fit to generate and exploit machine learning models,
and ML has found diverse applications for additive manufacturing including fault detection,
topology optimization, and quality control.[146, [114] Using ML models to control or charac-
terize traditional inkjet processes is a growing field, with examples including droplet control
in traditional inkjet[72, 154] and unsupervised clustering of in-situ video streams.[60] ML

applications to EHD printing have been relatively sparse, though Ball et. al.[11] trained a
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neural network to predict droplet sizes within a 3-variable, 3-level full factorial DOE.

Transfer learning has recently been applied to the characterization and prediction of
powder bed sintering additive manufacturing processes, including for the processing of in-
situ images[34] [35], [47] and acoustic sensors,[105] and for predicting manufacturing outcomes
in simulated powder melt beds.[61] These applications use transfer learning to bridge gaps
between disparate materials and powder compositions. However, the methodology has
apparently not yet been extended to modeling inkjet or EHD processes.

Compared to these past examples, the EHD ML use case has an unusually varied in-
put space. The model inputs X are parametrically-defined waveforms, able to scale from
very simple to high-dimension representations. And the degree of run-to-run variability
is extreme, owing to the EHD’s small scale and hypersensitivity to small changes in the
geometry of its setup. Furthermore, lacking any real-time in-situ feedback, any practical
use of models to drive real prints would need to operate in a one- or zero-shot learning en-
vironment. To develop models that can perform under these conditions, it would be helpful
to have a standardized and extensive test for the performance of any modeling approach

under limited-data conditions.

6.2 N-Walk Evaluation

The goal of the standardized model testbed was to provide the best possible evaluation
of a model’s ability to deliver accurate predictions under real-world conditions. And from
the start, the real-world destiny of ML models trained on the EHD dataset was to drive
model-based control of our SIJ brand printer. With that environment would come a host of
limitations discussed in previous chapters: a lack of in-situ imaging, limits on the type and
number of waveforms that could be produced, and an inability to adjust recipe parameters
mid-stream. However, I organized the model tests with a more expanded set of applications
in mind.

The model evaluation loop, referred to as the ” N-walk”, simulates a perfect in-situ
imaging system. After all, the lack of such a system on the SIJ-150 was driven by limitations
of equipment, time, and money, not by a lack of feasibility. Others have demonstrated in-

situ measurements of additive- and EHD-patterned substrates.[50, [161] So, the evaluation
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loop assumes that the measurements of all patterns are known immediately after printing
them. A live evaluation run might proceed like this: an EHD printer begins an experimental
run, choosing a waveform v parameterized by d parameters € R? selected uniformly 4.i.d.
from an allowed range. wu is passed to the print head and causes ink to jet (or not) onto the
substrate. The critical dimension y of the pattern is measured by processing an in-situ data
stream. This process repeats N times, generating a supervised training dataset of inputs

X € RV*4 and outputs Y € RV,

After training on the N-long dataset, to evaluate a model’s transfer learning perfor-
mance, its accuracy is evaluated on the task of predicting the outcome of the *next™ print.
In practice, we would perform a series of M test prints and evaluate performance on the test
set. If the model can perform within tolerance, we can entrust it to provide predictions for
a model-based control loop after seeing N examples in the future. The goal is to minimize

N while still meeting performance goals.

In practice, evaluations were performed over folds of the multi-task EHD dataset. (One
"task” refers to a dataset from a single experimental run.) For each fold [ € {0,1,..., L}
over L mono-task datasets, for each value of N € {2,5, 10,20, ...}, a random index ¢ in the
time-ordered task dataset D' is chosen as the starting point. Then training data are drawn
from the dataset for the next N indices, i.e., Dipgin = Di (N The next M data are

reserved as the test set: Diegr = Dé In practice, this process repeats for

t+N)—{E+N+M)"
several choices of t to make the performance estimate more robust. In each loop, the model

type is trained on Dy.qi, and tested on Dyegt.

The last piece of the evaluation loop is a pretraining step. Before launching into
the N-walk loop, models capable of transfer learning in the N-walk have the opportu-
nity to fit the EHD tasks that are not the evaluation dataset D!. That is, Dpretrain =
concaticqo1,..., L}Di |i # I. Restated in Pythonic pseudo-code with most of the constants

used in practice, the N-walk evaluation loop is:

def n_walk (model, Datasets):
results = []

for 1 in len(Datasets):
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D_eval = Datasets[1]
D _pretrain = Datasets[ 1]

model. pretrain (D _pretrain)

for N in [2, 5, 10, 20, 50, 100]:
M= 20
for _ in num_trials(N):
t = randint ()
train_set = D_eval[t:t4N]
test_set = D_eval [ t4N: t4+NHM]

temp_model = model. copy ()
temp_model.retrain (train_set)
results .append(

temp_model . evaluate (test_set ))

return results

In practice, num_trials(N) o« C — log N is just a scaling function that prioritizes more
repeats of smaller sample sizes N, typically scaled to perform about 100 training repeats in
total for each . The behaviors pretrain(), retrain(), and evaluate() are built into the model
class, and the evaluation loop is agnostic to their implementation. A model that does
not perform any action on the pretrain() step is a ”cold-start” model - it only considers
information introduced during the evaluation runs. A model that does not perform any
action during the retrain() step is a zero-shot model; performance on the evaluation will
depend entirely on knowledge gained from other tasks. Transfer learning models will make

use of both training steps.

The evaluate() operation evaluates the model performance when predicting the M = 20
new inputs in the test set, reporting AUC and F1 scores for a classification task and r-score
and MAE for a regression task. Plotting these metrics with respect to N generates a plot

like that illustrated in This is an idealized vision of how the three model types
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Cold-Start

Transfer

Zero-Shot

Figure 6.1: Expected performance trends in the N-walk evaluation loop.

might behave in this space. The zero-shot model is reminiscent of a high-bias or under-fit
model in because it inherits training bias from its pretraining operation that it
has no way of correcting for the task at hand. It is entirely independent of N because it
has no retraining step. While it may be effectively blindfolded to the process running in
front of it, this model should have an advantage for very small N because it is incapable of
overfitting to the small training set.

The cold-start model is the other extreme, underperforming due to variance for small
N, where its training data provides insufficient support. For sufficiently large N, on the
other hand, the cold-start model should become fully specialized for the task and become
a top performer. Ideally, transfer models will provide a happy medium between these two
extremes by using pretrained information to bolster accuracy for small N but de-biasing
itself on the target task as IV grows large.

One way to frame the overall ML task in the multi-task EHD dataset is: to identify

a model that pushes the envelope of state-of-the-art performance in this graph up, to the
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left, or both. That upper surface, which may be comprised of different model types for
different N, represents the best estimated performance possible given a finite set of training
data. In an actual process, switching from one model to another might be advantageous as
a run proceeds and data accumulates. This evaluation loop could provide a roadmap for
the inflection points from one optimal model to the next.

To present few-shot online learning as a practical approach to printer control, in addition
to meeting performance goals stated above on any N, we set a secondary goal to match
those metrics when limited to N < 100 retraining data points. At the current throughput,

100 data point represents about 8 to 10 minutes of data gathering.
6.3 Hyperparameter Tuning

It was necessary to tune the hyperparameters of cold-start, zero-shot, and transfer models
to maximize EHD transfer learning performance. Hyperparameters describe an ML model’s
construction and training process: layer size, learning rate, and regularization constants are
examples. Hyperparameter choice significantly impacts the performance of any model on
a given dataset, and hyperparameter search is usually the most time and computationally
expensive step of any ML project. Therefore, if the goal is to compare several modeling
approaches on a single problem fairly, each competitor must be given the same tuning
budget.

A devious trap in hyperparameter tuning is leakage from tuning to test. If any test data
is present in the data used to tune hyperparameters, it can positively bias the final estimate
of a model’s capabilities by overfitting the hyperparameters to the test data. Therefore,
it is typical to reserve a test set - say 10% - from the target dataset and use it after
hyperparameter tuning is complete to evaluate model performance.

Unfortunately, in a transfer learning setting, a model’s performance must be gauged not
only on new data but on a completely novel task. While the EHD hardware could generate a
decent number of data points, generating many mono-task datasets remains decidedly slow.
After filtering by nozzle size and waveform type, most training datasets would amount to
no more than seven task sets. Withholding just one as a test set would bias a performance

estimate due to minutiae from that single withheld run. Withholding more than one would
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significantly shrink the number of remaining tuning and training sets and likely have a
significant effect on model performance. So the N-walk hyperparameter tuning loop and
evaluation was designed to use all tasks in both steps, accepting some leakage in the process.
This effect applied equally to all model types.

With all of the structure surrounding this ML task, innovating on the architecture of
the models themselves would have been an unnecessary distraction. Well-worn ML models
were used when possible in their Scikit Learn implementation.[I09] In an initial evaluation
of the dataset and the cold-start modeling task, these models were deployed with no hy-
perparameter tuning, simply taking default settings across the board. Later, to maximize
performance, hyperparameter tuning was performed in a unified manner across all models.

Optuna [5] was the hyperparameter tuning management package of choice. Optuna was
a practical choice because it comes with multithreading baked in and uses greedy runtime
parameter generation that can be bent to allow model types to define their own hyperpa-
rameter search space under a unified interface. This method chooses hyperparameters using
the Bayesian Tree-structured Parzen Estimator.[17] Training would run for 4 hours using
12 threads on an Intel i7-12700K, 3.6 GHz processor, and a GeForce RTX 3060 Ti graphics
card where applicable.

The hyperparameter tuning loop would proceed much as described above, with some
modifications. First, the optimization package would evaluate each set of hyperparameters
on a single random fold of the multi-task dataset that selected two tasks for validation
instead of one. Second, after pretraining on the other datasets, the model would retrain
and evaluate several copies of the model as described above, but only with N = 50 retraining
sets, to expedite the tuning process and prioritize performance for N < 100.

For regression models, the hyperparameter optimization loop attempts to minimize the
MSE of predictions on the validation set. For classification, it attempts to maximize the
product of AUC, F1, and precision on the jet prediction task. Adding the precision metric
to the optimization goal was an attempt to minimize false positives, i.e., predicting that ink
would deposit when it would not. The thinking was that these errors were more damaging
than false negatives - predicting a no-jet for a waveform that would have produced a jet.

When the four-hour time limit had passed, hyperparameters that had produced the single
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highest-performing trial would initialize a new set of models in a full N-walk evaluation loop
for N € {2,5,10,20,50,100}. Finally, the routine would retain an ensemble of the highest-

performing models from the hyperparameter tuning run for use in downstream control tasks.

6.4 EHD ML: Opening Salvos

The first dataset produced by the SIJ-150 used 16-component harmonics and contained
about 110 data points. It is now excluded from the greater EHD dataset because absolute
voltages were not recorded during the run. An initial exploratory ML run on this data
produced abysmal results: the best model (a default-parameters random forest) could only
conjure an r-score of 0.268 on print area regression. The result was not surprising - 110
data points were brutally sparse coverage in a 16-dimensional search space! Subsequent
experiments reduced the number of harmonic components to six and produced a small
cohort of large-nozzle harmonics datasets. The first ML experiments with these 6-harmonic

datasets were informative.

6.4.1 Machine Learning on Harmonics Datasets

I will begin this section with a disclaimer: the original experiments performed at this time
looked different than those presented in this section. For a start, they used the microns-
squared print area as the regression prediction target, which produced very large and un-
interpretable error numbers. The image processing pipeline was an early version, and that
was the only prediction target I could record! Here, figures will display the same trends
using the more manageable print width, in microns, as a regression target. This should
allow easier comparison to data from later in the project.

I will also be leaving out some of the truly dead-end models that were implemented but
quickly discarded. Linear models did not stand a chance: the same inherent nonlinearity of
response that reared its head in the dynamical modeling attempt made these a non-starter.
There were attempts at clever data engineering, alternate waveform representations, and
bundling together multiple time-adjacent data that went similarly nowhere. I will let those

wrecks lie at the roadside where they likely belong.
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Figure 6.2: Performance of un-tuned regression models on 6 harmonic waveform datasets.

Instead, let us begin with the initial outing of two model types that showed early promise:
a random forest (RF) (the top performer from the ill-fated 16-harmonic experiment) and a
fully-connected multi-layer perceptron (MLP), which had the potential to perform well as
datasets grew increasingly large. Both models took Scikit Learn’s default hyperparameters

and attempted to train on each of the three data diets: zero-shot, cold-start, and (for the

regression task) warm-start. The results are shown in [Figure 6.2/ and [Figure 6.3|for the size

regression and jetting classification tasks.

The MLE model type is a naive input-blind estimator that serves as a performance
baseline. A random forest is an ensemble of decision trees trained on subsets of the training
data - the model delivers the average of all trees for a regression problem or the consensus
class across all trees for classification. The default Scikit Learn implementation uses 100
classifiers, and the ”retrain” step for a warm-start model adds 100 new trees to the model
that fit the new data. Finally, an MLP model is a neural network of fully-connected, gated

regressors that fits data using gradient descent. Here again, for this early exploration, the
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Figure 6.3: Performance of un-tuned classification models on 6 harmonic waveform datasets.

model used default parameters: a single 100-neuron layer, ReLU activation, the ADAM
solver, a learning rate of le-3, and o = le-4. Only the maximum number of training
iterations was increased from 200 to 1 million to avoid comparing against models that had
not been allowed to converge.

All of these models (except the MLE) could undoubtedly see performance gains with
their hyperparameters tuned. We can still draw some conclusions from this outing, however.
First of all, the MLP models were distinctly poor performers, converging more slowly than
their RF counterparts or not at all. This was likely due to a few factors: MLPs may have an
increased reliance on hyperparameter tuning, particularly the regularization parameter and
iteration limits that prevent them from drastically overfitting the training data. Therefore,
they may be more prone to overfitting when training data is sparse. The random forest will
still tend to produce values that it has seen before in the dataset under these conditions,
where the unsupported MLP could output virtually any answer when given an input that

is distant from all past training points.
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Far and away, however, the zero-shot random forest models dominated performance
across the board, demonstrating the lowest prediction error, greatest correlation, highest
F1 score, and the only AUC scores meaningfully above the MLE baseline. What accounted
for this discrepancy? The chief advantage of the zero-shot models was the large data pool
to which they had access - the smallest validation fold allowed the zero-shot models to see
900 data points, while the largest N for the cold start models was 100. However, the run-
to-run variability of the EHD printer would cap the performance of these zero-shot models.
They would be forever biased towards past observations, never able to adjust to the unique
combination of environmental factors on a given day. (I still sought realistic quantification
of the extent of this task-to-task variation but suspected that it was significant.)

Why did the random forest outperform the MLP on the zero-shot task to such an
extent? Omne culprit could be a severe case of overfitting. A zero-shot pretraining dataset
was a naive combination of several tasks lumped together, possibly presenting a mishmash of
multiple response patterns spread sparsely over the 6-dimensional input space. The 100-tree
random forest is a fundamentally limited model and may have produced a more generalized
representation of this training space than the relatively more flexible 100-neuron MLP.

In a faint sign of life, the cold-start models begin to tick up in performance at N = 50
and 100. The MLP classifier, in particular, showed an early surge in performance at the
N = 100 mark. The charts stop at 100 because not all datasets had enough samples to
report performance beyond that. However, the metrics for the cold-start MLP model, shown
with dwindling task folds up to N=500 in suggested that more performance
was available if dataset sizes could continue to grow. The jetting and size prediction tasks
appeared to be tractable problems, but it was unclear if practically-sized datasets would
provide the support needed to fulfill project goals.

Unfortunately, the best models still fell far short on key metrics: AUC, F1, and r
> 0.9 and MAE < 10 were but a distant hope. Could significant gains be made with
hyperparameter tuning? Undoubtedly yes. However, the cold- and warm-start model trends
indicated that the need for more training data was the current limiting factor. Before
investing time to grow the dataset, a sanity check was in order.

The 6-harmonic inputs still appeared to be high-dimensional with respect to the dataset
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N AUC | F1 | MAE
2 0.5 0.62 | 62

5 0.51 0.62 | 70

10 | 0.52 0.66 | 66

20 |0.49 0.63 | 57

50 | 0.55 0.68 | 52

100 | 0.68 0.81 | 45

200 | 0.73 0.82 | 39

500 | 0.84 0.96 | 32

sizes that the AFG+SIJ hardware could produce. They were not transferable to the SIJ
printer’s native control software. Besides, the lack of a live in-situ measurement system
meant that zero-shot control would be a requirement. It was time for an adjustment in
approach to a waveform that was lower in dimension and reproducible with the native

SIJ-150 software.

6.4.2 Ezploring Square Wave Printing

The square wave input space is about as compact as it gets: the only two variables were the
DC voltage of the square pulse and its duration, so the density of training points was now
much greater than in the 6-harmonics dataset. Conveniently, these datasets could now be
fully represented in a 2-dimensional plot - an early example appears in These
datasets should be easy to fit - the demarcation between jetting and no-jetting was clear,
and within the ”jetting” region, increases to either voltage or pulse width would cause a
monotonic increase in printed width.

A disclaimer before venturing further - the results presented here are another case of
revisionist history, showing N-walk validation performed on a complete multi-task square
wave set that accumulated over many weeks of experiments. In fact, many of the obser-
vations and decisions discussed below were made using a smaller and noisier subset of this

data. Those early modeling results, in turn, informed downstream data collection strategy.
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Figure 6.4: Performance of un-tuned regression models on square waveform datasets.

However, the core story has survived, and results that take advantage of as many multi-task

folds as possible provide a more precise illustration of performance trends.

As shown in [Figure 6.4] and [Figure 6.5 models exhibited a marked increase in perfor-

mance on the square wave dataset compared to the earlier harmonics results. The cold-start
models were the stars of the show now, with the cold-start MLP hitting all target metrics
with a training set of merely N = 20 and the cold-start RF breaking below an MAE of 5
pum at N = 100. That corresponded to a mere 2 pixels of error on average in the large-area
experimental images.

With no hyperparameter tuning yet performed, the simplified input space of square
wave training data sets enabled cold-start ML models to meet all of the project’s initial
performance goals. The square wave datasets included features with sizes ranging from 2 to
200 pwm in diameter using waveforms that were directly reproducible by the SIJ-150 printer.
Some drawbacks remained to the square wave approach. Compared to the harmonics prints,

it was prone to nozzle clogs, especially when running close to its lower voltage limit, which
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Figure 6.5: Performance of un-tuned classification models on square waveform datasets.

is also where the smallest feature sizes occur. This would make it it more difficult to reliably
produce small feature sizes, locking patterns into a larger line width regime. It also meant
abandoning any exploration of the dynamic sensitivities and resonances in the EHD tip.
For now, however, square waves provided the clearest path to demonstration of practical

printing with ML-controlled waveforms.

Despite the apparent strong performance of models trained on square wave data, it was
not yet time to declare mission success. Cold start models were suited for an online, mono-
task learning environment that could not be replicated with available hardware. A practical
model-based control loop on SIJ hardware would need to perform in zero-shots. However,
zero-shot and warm-start models were consistently poor performers in the square-wave
datasets. Bringing the transfer-learning models up to speed would require confronting the

run-to-run variation of the EHD and the resulting heterogeneity in the multi-task dataset.
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6.5 Dealing with Variation through Homogenization

From the start of this project, run-to-run variation was a suspected - perhaps feared -
bugbear. Dealing with variation in the SIJ tool’s response was a known factor to its human
operators, but the degree to which it would confound efforts to model it with ML was not
yet known. The early results of square wave modeling seemed to point squarely towards a
process variability root cause - what else could explain the abysmal performance of zero-shot
models in a space with only two input dimensions and that had been readily learned with

a relatively small | 100 samples by cold-start models?

With the entire collection of square wave data plotted on the same axes, as in[Figure 6.6]
the extent of variation at play in these datasets becomes apparent. The square wave datasets
are highly heterogeneous. Heterogeneity is used here in its statistical sense: no two monotask
datasets behave as if they were drawn from the same underlying distribution. Not, at least,
in the space defined by voltage and pulse width. Instead, for a given waveform input (say,
200 V for 100 ms), the printer would vomit ink on one day but print nothing at all on the

next.

Heterogeneous data management is a salient topic in modern ML, especially regarding
the aggregation and management of vast data from multiple sources, continuous streams,
or data lakes.[I47] The term is often invoked to describe dimensional or distributional dif-
ferences in an ML task’s input or output interface. For instance, heterogeneous datasets
may have different dimensions from each other or be sampled from different populations, as
in datasets of indoor vs. outdoor images. Or, a set of heterogeneous tasks may deal with
different prediction target types, as when a single dataset of molecules might include both
solubility regression and toxicity classification tasks. By contrast, the square datasets are
all identical in the dimensionality, units, and task types of their input and output spaces.
Instead, the underlying transfer function mapping input to output changes from one EHD

run to the next.
A sensible approach to multi-task learning with this data would be to homogenize the
input space of the various datasets, and a prime candidate to discover a homogenization

function is through the characterization of the print/no-print boundary. This transition is
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Figure 6.6: Plot of square wave experiment inputs and print sizes. No normalization was

performed - voltage and pulse width are in real units.
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present and shares a similar shape across every square dataset - an artifact of the manual
tuning procedure that attempted to have a few (but not too many) no-print waveforms in
every experimental run. To characterize the boundary, measurements of two thresholds were
added to the data gathering procedure for all experiments - V; is the threshold voltage, or
the smallest voltage producing a print when the hold time is long (0.5 seconds in practice.)
Wy is the threshold pulse width, or the shortest hold time producing a print when V' = 1.5V.

The first homogenization procedure to try was to normalize each input value by its
threshold, i.e., Vyorm = % and Worm = % Conceptually, after this transformation, every
dataset would have its print onset boundary pinned at [Vyorm, Whorm] coordinates [1, o0]
and [1.5,1]. That is not quite what happened! displays an overlay of all square
wave datasets in the normalized frame; the widths and voltages in practice tended to be
at least double their threshold values. Nevertheless, this transformed space appeared to be

markedly less heterogeneous than the previous spread.

[Figure 6.8] and [Figure 6.9 show comparisons of MLP models trained on data with and

without this normalization. Moving to the normalized inputs caused a notable improvement
in zero-shot performance on all metrics, and the warm-start MLP regressor improved by
a similar margin, becoming roughly equivalent to the zero-shot model on both metrics.
As expected, data preprocessing had no meaningful effect on cold-start model performance
since those models perform per-task input normalization during training.

In early estimates of this performance, zero-shot MLP classifiers achieved AUC of 0.89
and F1 of 0.92 - this was sufficient to declare success on the classification problem. With
the benefit of a larger dataset, this chart shows a reduced performance estimate in the range
AUC of 0.75 and F1 of 0.8. Most significant uncertainty in the classification models likely
remains immediately around the print/no-print boundary, where imperfect overlap between
datasets creates ambiguity in the training data - see the region near 2.3 V/V; and 6 W/W,
in These zero-shot models could discriminate between jetting and no-jetting
waveforms and were used in initial outings of the ML-directed printer control loop.

Zero-shot regression performance showed an interesting trend, with zero-shot correlation
values being extremely strong, at least r 0.93, and beating or matching the performance

of all other models in this space. However, zero-shot absolute size error remained high in
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on square waveform datasets using

Figure 6.9: Performance of un-tuned classification models on square waveform datasets

using threshold normalization.
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zero-shot learning, missing by 12-13 um on average. This mismatch suggested that zero-
shot models were effective at *ranking* the relative size of different waveforms but tended to
miss when estimating the absolute amount of ink deposited. They would produce correlated
but biased outputs. Nonetheless, these models were deemed successful enough to be used
in initial printer control experiments.

To summarize the results of applying ML models in a real process: recipes set by zero-
shot models tended to produce biased but correlated print sizes, just as their N-walk results
suggested. discusses how these ML models could serve as control knobs to rapidly
tune the EHD process. Based on those experiments, the classification task would be dropped
for subsequent experiments. Print/no-print classification may be helpful to place rails on a
process in a true production setting, but in practice, it tended to make the control loop too
risk-averse and unable to even attempt prints with small feature sizes. Beyond this point,

models would train on the regression task alone.

ML-controlled dot printing eventually proved to be relatively successful. However, early
attempts to apply ML models that had been trained on dot datasets to the task of printing
lines yielded disastrous results. Early line prints often exhibited over 10x error between
model expectation and reality. In response, an additional set of experiments was collected
to fill out the dataset with sine wave-driven lines. Unfortunately, that meant the problem

of heterogeneous data needed to be solved again in the line-printing input space.

6.5.1 Sine Line Homogenization

The sine line dataset, described in was similar to the square wave dots dataset
in that it used one free parameter to control maximum voltage and another to control
a time-related parameter. Square wave printing involved control of pulse width, which
directly affected ink deposition time. The sine wave generator, on the other hand, varied
the frequency of an AC signal up to 1000 Hz. A naive use of the same normalization
procedure that had successfully homogenized the square wave space did nothing to unify
the input spaces of the various sine wave task sets. illustrates the extreme

variation from one experiment to the next in the sine line datasets and the ineffectiveness
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Figure 6.10: Plots of square wave experiment inputs and print sizes. (Left) experiments
with real units, and (right) using the same normalization strategy that worked with square
waves. Neither view of the dataset provides coherent overlap between the print and no-print

regions of the different experimental runs.
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Figure 6.11: Linear correlation between the measured pulse threshold and the print/no-

print boundary at 600 Hz in sine wave datasets after voltage is normalized.

of the old normalization procedure.

One problem with normalizing the sine wave frequency is that frequency can interact
with many aspects of the EHD system in a constant printing regime. One of the primary
points of interaction in a nanoparticle ink with a nonpolar solvent, such as the AGK-104
that was being used here, is the nanoparticle’s dielectric relaxation time. This is the time
for an external field to induce polarization in the dissolved nanoparticles. That polarization
is a strict precondition for the dielectrophoretic acceleration of the ink, so the effects of a
waveform on the EHD print process will necessarily fall off as frequencies approach and go
past the relaxation rate. In practice, this effect becomes noticeable between 600 to 800 Hz

when printing with the AGK ink.

Relaxation time is a property of the ink formulation and should not change from one
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print to the next. (In the case of these experiments, the ink was drawn from the same bottle
across the entire dataset.) Therefore, any attempt to modify the frequency axis of the sine
wave input space would likely do more harm than good by misaligning the relaxation time
effects from one task set to the next. Nonetheless, there was a definite relationship between
the measured pulse width threshold and dataset behavior.

Every sine line dataset showed a notable increase in voltage needed to produce a jet
above 600 Hz input frequency. That inflection point held some promise as a landmark
to homogenize the datasets. shows the relationship between the normalized
voltage V/V; of the 600 Hz print/no-print boundary in each dataset and the measured pulse
width threshold; longer threshold times indicated that a higher voltage would be needed to
eject ink. Using the regression between the 600Hz boundary location and voltage, a custom
transform was defined per

Vv

— (69.536 * Wipreshold + 2-8111)
V;Ehreshold

V;fransformed =

that effectively pins the print/no-print boundary at the coordinate [0,600] in the sine line
input space. The homogenized combined dataset is shown in Rather than
relying on this tortured method of dataset homogenization, future projects using frequency
control for an EHD would do well to measure points directly relevant to the input range.
For instance, measurements of threshold voltage at one or more frequencies could likely
improve the homogenizing transform.

With the custom-transformed dataset, the performance of cold-start and zero-shot MLP
regression models took on similar characteristics to models trained on the normalized square
dataset. illustrates these trends. Regression correlation was strong in the zero-
shot model but not as strong as it had been in the square dataset. The regressors showed an
average r > 0.8, which was nearly on par with cold-start model results. As with the square
wave models, the absolute error remained high at about 30 um. MAE increased overall when
moving from dots to lines, but this may have been an effect of increased proportionality.
The smallest features in the dot datasets were on the order of 2 um wide, while the smallest
printed lines were 20 pum. A tuned version of the zero-shot models trained on the custom-

transformed sine wave data would carry into the second round of ML-directed line printing
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experiments.
6.6 Dealing with Variation with a Mixture of Experts

Zero-shot models had proved capable of making print feature size predictions that were
strongly correlated with reality as long as a capable data transformation could be identified
that would homogenize the input space of the EHD datasets. With some tweaking, these
models would go on to capably control real-world print runs. Nevertheless, there were gaps
in their performance - most notably, the absolute error of zero-shot models remained high,
barely better than the baseline MLE. Lining up the print/no-print boundary appeared
to only partially homogenize the multiple datasets - additional factors affected the final
footprint of printed features on the substrate.

Two likely candidates for factors independently influencing feature sizes were the SIJ
nozzle aperture diameter, which could vary by 4+ 1-2 pum from one session to the next
according to the manufacturer, and surface cleanliness, which could influence the ink contact
angle and thus the amount a given volume of ink would spread on the substrate.

Curiously, the transfer learning methods had so far done little to improve MAE in few-
shot learning. The warm start models summarized in were either equivalent to
zero-shot models or worse. They seemed to inherit the worst of both worlds, combining
the bias of zero-shot transfer with the overfit of small-/NV training. The warm-start MLP
on normed inputs was able to make improvements over the similar zero-shot model when
N > 20, but by that point it had been far outpaced by the cold-start model. Perhaps the
square wave space was so low-dimensional, and the EHD process so inherently variable from
task to task, that it was slower for a warm start model to *unlearn* its inherited bias from
past tasks than it was for a cold neural network to learn the new task from scratch.

There were other possible approaches to transfer learning beyond the warm start. All
of the pretraining to date had utilized a combined dataset of past experiments - as a result,
warm start models came burdened with the same high error that plagued the zero-shot
models. Instead, could a transfer model start from an ensemble of successful mono-task
models? A model for such an architecture comes from the field of mixture-of-experts (MoE)

models.
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MoE models are a classical approach to modeling heterogeneous datasets that have
successfully scaled from small bespoke problems to learning on vast datasets. In an MoE,
many expert models are trained on different datasets or slices of a large dataset. On a
given input to the ensemble model, a subset of experts makes a prediction. The different
flavors of MoE are differentiated by the process used to select an expert or set of experts as
a function of the input query. The first MoE was formulated by Hampshire and Waibel[57]
for a phoneme classification task. Audio samples were gathered from multiple speakers,
and each model trained on samples from a single speaker, becoming an ”expert” on the
spectral range of inputs of that individual. At deployment, a dedicated prediction engine
would route novel inputs to one of the pretrained models based on spectral similarity to the
original training dataset.

Subsequent developments often focused on extending the methods for routing inputs to
specific experts, i.e., by using an exclusive gating layer[64] or a conditional Bayes classifier
that is trained online with the expert models.[67] More recent work extended the MoE to a
functional layer for deep architectures, using online gate layers or unsupervised clustering
to route training data to different experts.[44] 129] All of these models utilize input-side
routing, using their population of expert models to divide the input space in the presence
of a heterogeneous sparse or very large range of inputs. Other MoE models focus on output
heterogeneity, i.e., by deploying multiple task-specific gating networks[80] or rule-based
multitask routing[9] to address many tasks with a single collection of expert models.

Unfortunately, neither input nor output characteristics alone would be helpful when
routing EHD inputs to expert models because the input and output spaces were essentially
equivalent across all EHD tasks, especially for homogenized inputs. Heterogeneity arose
purely in the mapping from input to output. Luckily, because EHD regression was framed
as a transfer learning task, an MoE model could assume that it would have access to some
number of new training examples. This suggested an alternate expert selection strategy
using a follow-the-leader criteria. At deployment, the algorithm will test the performance
of each model and select an exemplar model that achieves the best performance on the
retraining dataset.

Follow-the-leader is a simple model selection strategy in online convex optimization,
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Table 6.1: Selected Hyperparameters

Data Type Model learning | « layer_1 batch
rate init. neurons | size
Norm Squares cold-start | 5.5E-04 1.5E-03 | 74 74
Norm Squares zero-shot | 4.5E-04 6.8E-05 | 200 72
Norm Squares MoE-FtL | 3.5E-04 1.0E-04 | 181 60
Transformed Sines | cold-start | 8.6E-04 4.5E-04 | 425 64
Transformed Sines | zero-shot | 4.5E-05 1.1E-04 | 218 71
Transformed Sines | MoE-FtL | 2.0E-04 3.6E-04 | 330 72

where it has been characterized as the ”simplest, most natural, and impractical online
learning algorithm.” [84] The strategy chooses model parameters based strictly on past per-
formance, and it performs poorly in some circumstances, especially when the problem space
is prone to evolve.[127, 20] Similar applications of accuracy estimation across an ensem-
ble of models have been used to prune ensembles based on training accuracy[I56] or by

down-selecting based on dynamic measures of model confidence.[99]

Here, FtL would be applied to choose a selection vector across a set of pre-trained
experts, and it could succeed if the solution space (i.e., the hidden process variables in an
EHD print run) remained stable. In principle, the Mixture-of-Experts with a Follow-the-
Leader gate (MoE-FtL) architecture would seek to identify the past dataset that was most

similar to the deployment environment and use only that dataset to make future inferences.

Specifically, MoE-FtL begins M pretrained models F' = {f1, fo, ..., far} and a novel set
of N inputs X and outputs Y drawn from a new task or process. The champion model f.

is selected per

N
c = argming, Z(fm(xz) — i)
i=1

then only the champion performs inference for test inputs.
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6.6.1 Contest of Experts Results

Each of the models in F' was an MLP trained on data from a single task in the pretraining
dataset, and the N-walk process evaluated each transfer learning model. Models trained
on transformed data inputs, using the same square normalization procedure and sine wave
voltage transform that had yielded the best zero-shot model performance. MLP models
had four hyperparameters tuned for cold-start, zero-shot, and MoE-FtL applications for
four hours each, as described in

All MLP models were two-layer fully connected networks with tanh activation functions,
and their second layer of neurons was always 1/2 the size of the first layer. The ADAM
solver was used with default beta values of 81 = 0.9 and 82 = 0.999. The learning rate was
adjusted adaptively using cutbacks of 1/5x, and all models used an early stopping condition
with a randomly selected 10% validation set. (If N < 10 for any training operation, early
stopping was deactivated.)

Hyperparameters for the best-performing models are summarized in[Table 6.1l Hyperpa-
rameter tuning tended to converge on strongly preferred batch size and learning rate values.
Network size and « values had a less immediate effect on model performance and showed

more significant variability amongst the highest-performing models from each tuning run.

[Figure 6.14] and [Figure 6.15/show the performance of the three tuned networks on the V-

walk test. As before, zero-shot models provided high-correlation, high-error predictions in
both datasets, and cold-start models converged to competitive performance on datasets with
N > 20. But MoE-FtL models provided a new best performance in the low-N half of the
evaluation, delivering the best possible MAE for N < 10 and matching the high correlation
of the zero-shot models for every N. The MoE-FtL model is critically dependent on having
a varied and reliable set of expert models to choose from when selecting an exemplar, so
a limited number of monotask training data could severely throttle its performance. The
ensembles above achieved this performance with six sine line experts and five square dot
experts, respectively; there is likely ample opportunity for improvement if those numbers

could increase.

A notable feature of the cold-start MLP becomes evident in these plots and has been
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Figure 6.14: N-walk performance of tuned cold-start, zero-shot, and transfer learning MoE-

FtL models on the square wave datasets.
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present to some degree in every N-walk experiment: performance experiences a noticeable
decrease above N = 20. The feature is too consistent to be an artifact of experimental
noise, and in this case, the hitch is sufficient to hand the MAE lead back to the MoE-FtL
model in the sine line dataset for N=50 and 100. This type of backward trend should not
happen in general - the cold-start models should perform strictly better with diminishing
returns as N grows. A likely explanation comes from in-run drift and the effect of manual
adjustments on the distribution of training points within each monotask dataset.

The SIJ-150 printer shows a consistent trend of reduced voltage sensitivity as a continu-
ous print goes past about 10 minutes of run time. To accommodate, the human technician
needs to gradually increase printing voltages as each run proceeds, usually by no more
than 5-10V. This effect builds gradually, but when producing the multi-task EHD dataset
in practice, the effect will cause a clog somewhere between the 70" and 130" waveform,
causing the operator to bump up the overall operating voltage of experiments. Without the
adjustment, prints would begin to skew heavily to no-prints, and clogs would run rampant.
The result, however, is that most experimental runs contain two or more distinct distri-
butions of inputs. The first is produced by the printer at its starting conditions, and the
second (and possibly third, fourth, etc.) set is shifted upwards on the voltage axis.

At N = 20 and below, the majority of continuous-time samples drawn from a dataset will
be contained entirely within either the first or second in-run distributions. By contrast, for
large N, such as the full-dataset training sets of experts in the MoE-FtL model, a significant
number of samples will be present from multiple distributions. However, at intermediate
sample sizes, say 50 < N < 100, a significant number of train/test subsets drawn from
each monotask dataset will straddle the transition from one distribution of inputs to the
next. This will have caused many test sets to include inputs that fall beyond the range
of their training data, causing model performance to degrade. Therefore the step back
in performance observed at N = 50 could be explained by that sample size creating the
greatest proportion of distribution-straddled samples.

With the addition of the MoE-FtL to the set of models, the performance trends on the N-
walk test finally resemble the expected behavior outlined in With no retraining

data, only the zero-shot model is capable of making inferences, and it wins by default.
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With any amount of retraining data available, the transfer-learning MoE-FtL architecture
delivers the lowest average prediction error up to a critical training set size where the cold-
start model edges it out. Square wave and sine line datasets, which both use 2-dimensional
inputs, see this transition at about N = 20. Using the earlier estimate of critical dataset
size, we might expect to see the transition from transfer to cold-start learning at around
N =20% in homogenized d-dimensional EHD control datasets.

All machine learning models, training procedures, and control methods are available at

https://github.com/onakanob/ehd-mll

6.6.2 Improving and advancing EHD ML

A few immediate opportunities exist to explore and improve the modeling space. Certain
model types, abandoned earlier in the project, might be good performers in a MoE-FtL
ensemble. In particular, the early RF models appeared to be less susceptible to the N = 50
performance dip; RF is likely more robust on just-out-of-distribution novel inputs, and
gradient-boosted RF ensembles, in particular, could end up being best-in-class on EHD
regression problems.

The MoE-FtL should be evaluated in true one-shot learning. The minimum N = 2 is
simply a script limitation; many models will not function properly with only a single training
input, but the MoE-FtL could choose a model based on a single sample assessment. It would
be a reasonable restriction to limit single-point samples to waveforms that jetted ink.

The MoE-FtL could also be evaluated with a reduction in the number of training samples
used to fit the expert models. Each expert would train on a continuous-time subset of
samples drawn randomly from the existing datasets. N = 20 training points would be a
sensible choice, and realistically this introduces a new pretrain size hyperparameter. This
adjustment would increase the number of experts in the ensemble and reduce the degree of
process drift present in each expert’s supporting data.

In addition, multi- or soft-gating approaches could reduce variance when choosing the
contest winners from the overall MoE-FtL ensemble. A k-winners approach would choose

the lowest-k MSE models from the ensemble and average their outputs. A soft gate approach
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would weight the contributions of each expert based on their performance. For instance,

retraining would constitute calculating weights per

D=

w = softmaz((F(X)—-Y)~

)

and inference would multiply elementwise the outputs from M-large ensemble F' and the

weights:
§=) wh(z)
M
Perhaps the strength of the weighted determination could even scale with the number

of retraining samples, as in this naive implementation:

z|~

w = softmaz((F(X)-Y)~

)

Exemplar models would be favored more strongly as N, and thus confidence in the contest
results, grows large. Any increase in the number of inputs to the MoE-FtL output will also
increase output bias, and the optimal choice of sampling strategy is likely to be sensitive to
the number, variety, and granularity of expert models in the ensemble.

Finally, a sensible advancement to the MoE-FtL would be to incorporate cold-start
training into its retraining loop. As N grows large, new models could be trained and
appended to the pretrained ensemble of models. With a constant process, such an approach
would smoothly transition from transfer learning to online learning as the new data becomes
large enough to support performant models. This approach could also introduce some
resilience to process drift, like that observed around N = 50 in the cold-start models, by
allowing the model to fall back on pretrained trends when online models fall off in accuracy.

Compared to the state-of-the-art in MoE modeling, and indeed to most contemporary
ML, the EHD problem was almost laughably simple, with its low-dimensional inputs and
small datasets. However, the intense degree of hidden heterogeneity, process variation,
and in-dataset drift presented unique challenges that may be representative of other man-
ufacturing and processing environments. And the premium placed on rapid learning with
tiny datasets emphasized few-shot transfer and simplicity in the modeling space. Expert-

designed transformations were able to homogenize the EHD process inputs and enabled
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high-correlation zero-shot modeling of the process space. Then, the MoE-FtL architecture
- an MoE with a posterior performance-based single-pass gate - nearly matched the best
model performance in transfer learning with only 2 to 20 retraining data points.

These model types provide an initial path forward for machine learning in a printing
process with in-situ monitoring. However, to institute ML-driven control of the SIJ-150

printer, we would rely solely on zero-shot models and a print recipe generator.
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Chapter 7
EHD PRINTING WITH MODEL-BASED CONTROL

Zero-shot EHD modeling had landed in a peculiar spot. These models strictly used past
experiments to predict future printer behavior, receiving no new information except initial
voltage and pulse width threshold measurements. Zero-shot models tested well in terms of
correlation, but their absolute error remained high. Would these models be able to drive
an actual micron-scale print process to a useful degree?

The hardware that had generated ML training datasets would not all be available for
zero-shot control experiments. Switching rapidly between different waveforms to achieve
varied feature sizes was central to the task, and no practical solutions were forthcoming
when it came to synchronizing the standalone arbitrary function generator with the SIJ-150
printer. We would be falling back on base-level software to drive the system.

This next phase of experiments would be more bootstrapped, more accelerated, com-
pared to previous work. We had a handful of artifacts: ensembles of ML models trained
on square wave data; commercial printers and microscopes capable of producing micron-
scale features; and a handful of 2D grid designs that demanded a wide variety of feature
sizes. The task now was to tie these systems together with software and duct tape and to
demonstrate that precise control of an additive EHD process with ML could be a practical

reality.

7.1 Model-Based Control: Version One

The EHD model-based control algorithm sought to use a pre-existing predictive model to
decide which inputs to provide the printer to print features of a specified width. Two feature
types would be targeted: isolated dots with specified diameters and continuous lines with
specified line widths. The algorithm would fully specify a collection of waveforms offline

and then translate them to an SIJ recipe file which could direct the printer. This fully



117

zero-shot attempt would take no feedback from the live process and make no adjustments

after the printing began. The only inputs to the system would be initial measurements of

the voltage and pulse width thresholds after the ink was loaded into the print nozzle. The
control module occupied the ”predict” operation shown in using trained models

and several target widths to produce an SlJ-readable recipe deck.

Two types of ML model en-
sembles were available:  both
had been trained on normalized
square dot data and were a col-
lection of the top performers from
a hyperparameter optimization
run. The classifiers would judge
whether a given waveform would
produce a printed feature at all,
and the regressors would estimate
the width of a dot printed by
the square wave input. Regressor
models were trained on only data
points where an ink jet had been
produced.

Each ensemble also reported
a variance based on the spread
of answers given by the models

in the ensemble. Regression vari-

Thresholds 5 Linewidths

' Model l ( Predict j [ Layout j

parametersl.txt recipe.csv

parameters2.txt

Figure 7.1: Schematic of the major operations to com-
bine a multi-width grid pattern and an ML model to

generate recipes for the SIJ-150 printer.

ance (var,) was the standard deviation of model estimates with the top and bottom values

removed. For the M classifiers ¢ in the classifier ensemble, where each model produces

either 0 or 1, indicating a failed (0) or successful (1) ink jet, the variance was the smaller

distance from the ensemble mean to either 0 or 1. That is:

M

, 1 I 1
vare(z) = min(1 — i Z;gi(x), i Zgz(x))

=1
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where = is an input waveform. The variances served as a confidence indicator - smaller
values indicate better agreement between models.

A cost function was defined per
cost(w*, ) = (F(z) — w*)2 + By varc(z) + B2 var,(z) + B3 x[1]

where F' is the regressor ensemble, x[1] is the pulse width portion of the waveform x, and
constants § are user-tuned weights that balance the importance of the various terms in the
cost function. The four terms, in order, motivate minimization of: (1) the difference between
predicted feature width F(z) and target width w*; (2) uncertainty in the classification
ensemble; (3) uncertainty in the regression ensemble; and (4) the pulse width. In practice,
for this first outing of the control algorithm, the cost function weights were 51 = 0.25,
B2 = 0.025, and B3 = 0.15.

Limiting the variance of model outputs is intended to improve the overall accuracy of
predictions and to nudge the control system away from possible no-prints. The fourth term,
pulse width, was a bit of a wildcard. Minimizing pulse width had some direct benefits,
such as increasing print speed and steering the algorithm away from low-voltage, clog-prone
inputs. But its primary purpose in this trial was to stand in for general process optimization
terms.

One of the main benefits of an offline, model-based recipe generator would be the ability
to optimize for multiple goals at once. For instance, a cost function could include terms to
steer the process towards conditions that increase line conductivity, maximize aspect ratios,
or avoid high voltages for a sensitive ink. Absent a model for any of those effects with
the current printer, the width minimization term was a simple choice to introduce process
optimization into the control landscape.

With a cost function defined, the algorithm took a pre-calculated approach to selecting
control inputs. About 10,000 potential input waveforms, concatenated in tensor X.;q4, were
chosen in a grid over V, W control space. For each coordinate, a jetting prediction was
made by the classification ensemble - all points with inference values G(x) < 0.5 (i.e., where
the ensemble thought jetting would not occur) were removed from the set of possible inputs.

Then for each of several target widths, the input x was chosen from X,;4 that minimized
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the cost function. In pseudo-code:

def control (Widths):
# Choose waveforms to produce an array of widths
# First set the search space
Waves = make_a_grid ()

# Remove points predicted not to print
jets = classifiers.predict (Waves) > 0.5

Waves = Waves|[jets |

# Choose a controlling wave for each target width
inputs = []
for w in Widths:

best_idx = argmin(cost(w, Waves))

inputs.append (Waves | best_idx|])

return inputs

7.1.1 Dot Printing Results

displays the first printed dots test pattern produced with ML-derived recipes.
This pattern was intended to be a logarithmic walk of 5 target sizes between 2 and 100 um
diameter, but absolute size accuracy was not the only goal of the optimization loop. Due
to the input of the classifier models, the algorithm excluded waveforms that could produce
very small features and would target no smaller than 8 um. Due to the upper limit of the
pre-computed grid search, the largest diameter that the control loop could target was 58 pum.

For the four target widths within these bounds, the diameters printed by the ML-produced

waveforms are shown in the left pane of [Figure 7.2 and [Table 7.1]

These results contained a significant degree of error present. A true zero-shot approach

seemed prone to extensive bias, producing results that were off by factors of up to 4.4 and
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Table 7.1: Target and Measured Dot Sizes

Target [um] | Mean Width [um]
8 28.9

15 65.3

40 83.8

58 109.3

error from 21 to 51 um. But these results were downright encouraging compared to the

first attempted prints of continuous lines.

7.1.2 Line Printing Methods and Results

ll"ll..-

.,

&
9

{
S
Figure 7.3: Illustration of the

strategy for converting dot pre-

dictions to printed lines.

Two technical adjustments were needed to perform ML-
guided line printing. The first was needed to adopt pat-
terns to the SIJ printing environment. Ramified solar
cell front grids like those produced in were a
good test case for the ML-driven control of line thick-
ness. These patterns demanded the precise placement of
hundreds of interconnected lines, each with a specified
thickness. Hardware limitations prevented any attempt
at exactly matching every line in a pattern, limiting each
print run to at most nine different waveforms. To choose
which line widths would be targeted, the whole bag of line
widths from a pattern was divided into a handful of bins,
each with a target width decided by the generalized Lloyd
algorithm, which searches for an optimal quantization of
a set of vectors. (Ideally, the algorithm minimizes the
average MSE between the widths in the original pattern

and their nearest bin width.)
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Figure 7.2: (Left) dot test pattern, and (right) target vs measured dot diameters from

version 1 ML-controlled recipes.

The second technical addition was a fix to enable the use of models trained on square
wave dot datasets to direct continuous line prints. illustrates the approach: dots
would be printed with a controlled overlap to trace out continuous lines on the substrate.
A square waveform x = [V, W] was chosen as in the previous section, with w* equal to
the target line width. Then a 25% repeating square wave would be defined for the printer
to execute. The wave was defined with voltage V' and frequency f = ﬁ to produce the
specified square wave, and print would execute at a velocity of B fw* microns per second,
where B was a pitch parameter that determined the degree of overlap between neighboring

dots. In the first attempted outings of the algorithm, B = 0.5, creating the 50% overlap
pictured in

illustrates a result from the first line printing attempt. The grid pattern was
quantized into just three bins for this pattern, with target and measured widths listed in
With an error over 100 microns, the printed lines were completely different from

their target sizes.
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Target vs Actual Widths
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Figure 7.4: (Left) printed test grid pattern, and (right) target vs measured line widths from

version 1 ML-controlled recipes.

Table 7.2: Target and Measured Line Widths

Target [um] | Average Width [um]
10.7 145.6
47.8 155.4
07.6 170.3
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These zero-shot models would not be very useful when printing precise patterns of dots
or lines. What was the cause of the gap - large for dots, massive for lines - between model
predictions and printed reality?

A good proportion of the prediction error, at least in the dot test pattern, could be
attributed to pure model bias. As had been apparent in N-walk model evaluation with
cold-start models, the absolute error was necessarily high in zero-shot learning because the
model had no way to compensate for day-of effects like contact angle or the specifics of the
ink that had been loaded into the print nozzle. This error had fallen in the range 10 to 20
um in offline model evaluation, and the result here was only slightly on the high end of that
expected error.

A second effect was also likely: state memory that carried from one ink jet to the next.
Memory effects could include a host of physical phenomena that would make it easier for
an ink jet to form in the immediate aftermath of another jet. This could include lingering
polarization of the nanoparticles in the ink, hydrostatic pressure in the ink column, and
physical extension of the meniscus from the nozzle aperture. All training datasets had been
produced at a steady dot deposition rate of 2 Hz, but the drop ejection frequency was
slightly higher for the dots test pattern and significantly higher for the lines - perhaps on
the order of 10 Hz and 100 Hz, respectively. State memory effects were a likely cause of the
massive size overshoot in the initial line prints.

For all ML-guided printing, it was apparent that some degree of online adjustment would
be needed to walk the process closer to target widths. Luckily, the high Pearson correlation
values observed during N-walk testing appeared to be intact here. Even while the absolute
error was high, the printed features were more or less proportional to each other and their
original targets. Perhaps a variant of classic proportional control methods could be used to
tune the process.

Line printing, however, would need some additional attention. With the much higher
printing frequencies involved, line printing appeared to be a fundamentally different process

than isolated dots. These results motivated us to collect a new set of waveform experiments,

the sine line tasks described in [subsection 5.2.3] to find the custom homogenizing transform

described in [subsection 6.5.1] and retrain regression ensembles on a dedicated line-printing
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Ensemble Classification Confidence
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Figure 7.5: Map of classifier predictions (left) and confidence (right) over an area of nor-

malized square waves.

dataset before re-attempting controlled line prints.

7.2 A Visual Tour of EHD Process Space

The pre-calculated grid of possible input values to the EHD printer provides a good vi-
sualization of the decision landscape that drives waveform choice. displays the
outputs of the classification ensemble, the jet/no-jet decision boundary on the left and the
ensemble confidence metric on the right. shows the error between feature width
predictions and a target width of 15 pum on the left and ensemble variance on the right.
These are the combined factors that drive waveform choice through cost function minimiza-
tion - the control algorithm sought to minimize the square of prediction error (i.e., print the
size that the pattern specifies) while also minimizing both confidence metrics. Additionally,
because the waveform search only includes points with classification output > 0.5, the algo-
rithm is limited to the orange points in the classifier outputs. The classification confidence

term nudges waveforms away from the print/no-print boundary, and the regression confi-
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Ensemble Regression Variation
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Figure 7.6: Map of regression prediction error (left) and confidence (right) over an area of

normalized square waves and a target width of 15 pm.

dence term pushes waveforms away from the periphery of the search space. (Ideally, these
terms limit output to regions of process space where the models in the regression ensemble
have a high density of training data support, which in turn should smooth out and improve

their predictions.)

The four red stars in [Figure 7.5] indicate the four chosen waveforms from the first dot
printing experiment, with target widths of 8, 15, 40, and 58 pum. 8 um, the leftmost
point, is the smallest possible model prediction on the grid and 58 um, in the top right, is
the largest. Rather than tracing a straight line between these two extremes, the middle-
valued waveforms fall along a swooping trajectory that detours through to the bottom-right
quadrant of the chart. The steering algorithm chooses this path because of the final term
in the cost function, B3 x[1], which motivates the control algorithm to opt for the smallest

possible pulse width.

Interestingly, as the algorithm moves from the 8 pm to the 15 um target width, the rapid

pulse term causes the chosen waveform to increase in voltage but to decrease in pulse width.
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For a human operating an EHD printer, this would be a nontrivial operation: doubling a
printed feature’s size by *reducing* the waveform pulse width and increasing voltage to
compensate is no easy task. It would typically take many repeated trials to arrive at the
second waveform. While the actual error was high in practice, the ML-guided algorithm
could successfully produce the correct proportional difference between these two operations.

This feat was a crucial sign of life for the ML-guided printing approach.
The left side of illustrates how the model arrived at the waveform for the 15

pum dot. It chose from points along a top-left to bottom-right green isoline of waveforms
that produce 15 pm width predictions, and of course, the algorithm chose the smallest pulse
width that did not involve too much ensemble uncertainty. The shape of the 15 um isoline
is linear or slightly convex, in contrast to the highly concave boundary between jetting and
no-jetting. The overlap of these two shapes, one from the regression and one from the
classification ensemble, could explain why the smallest possible point of 8 um lies where it
does in process space. The 8 um isoline must be the smallest isoline to intersect the region
of predicted printing by the classifiers, and we would expect it to intersect the print/no-
print boundary at a tangent, intersecting the space of allowed waveforms at precisely one
coordinate. That intersection, the controlling waveform for the 8 um target dot, would
correspond to an optimal balance point between voltage and pulse width to produce small
features.

Now, to attempt to infer any universally optimal processing conditions based on this
single set of models would be a stretch. But in just this case, according to these particular
model ensembles, the smallest print occurred at a normalized voltage of 2.45 and normalized
pulse width of 5.5. Taking typical values of V; = 100V and W; = 14 ms, we might expect

the smallest-feature square wave to land at 245V and 80 ms.

7.2.1 Control along a cost-optimal path

The path traced out by the procession of algorithmically chosen process points through
waveform space is a cost-function-optimal manifold defined by the combined components of

the optimization routine: ML ensembles, cost function, and waveform selection algorithm.
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The initial outputs of that routine were prone to print size errors and needed to be adjusted
based on observation. In other words, this was now a classical control problem. However,
rather than choosing one control knob as the primary input (choosing to only adjust voltage
or pulse width, in this case), we would like to keep the process confined to the cost-optimal
path. That path represents the best guess (contingent on model accuracy) for the opti-
mal balance between model confidence, accuracy, and other process imperatives that could
drive improved cost, time, or efficiency or link to external requirements in a manufacturing
environment.

One approach would be to approximate the cost-optimal path using a parametric func-
tion or spline in process space, then step up and down along the approximated path to
fine-tune the process. But there is a more straightforward option: we could use the target
width w* as the primary control input to the printer. This naturally locks the process onto
the cost-optimal path by only ever using algorithmic outputs to drive the process, and it
frees us from introducing new code or modeling between the established ML algorithm and
the print process. It also makes it easy to accommodate updates to the model ensembles if,
for instance, transfer learning is added to the loop in the future.

On the other hand, controlling directly with the model brings some risks. Most critically,
the path it charts out through process space is not guaranteed to be continuous. It is
likely, in fact, that the model-defined cost-optimal path will jump around in the process
volume; and this effect would only grow more dominant if the process space were to take on
additional dimensions. These discontinuities would introduce hitches in the printer control
landscape, where small adjustments to the input parameter w* result in disproportionate

leaps in waveform choice and feature size.

7.3 Model-Based Control: Version Two

7.3.1 Proportional Control Updates

Several changes occurred between the first and second attempts at model-based control. The
most significant, of course, was the inclusion of an entirely new dataset of sine line waveforms

and line features. A different dedicated regression ensemble would now be deployed for dots,
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using square pulses, than for lines, using sine waves. No classifiers were deployed this time,
and regressors were trained on entire datasets, including non-jetting samples. This was
intended to allow more exploration in the small features region of process space. (In a
development environment, I would rather try and fail to print small dots than be prevented
from the attempt by the classifier decision boundary.)

The pre-computed grid of waveforms was no more, along with its limitations on the
resolution of control steps and upper bounds on voltage, pulse width, and frequency. Instead,
a numerical optimizer would choose a waveform for each feature width set point. The

waveform chosen for target w* was
& = argming, cost(x,w™)
with new cost functions defined for square waves,
costgor(W*, x) = (F(x) — w*)2 + Brvar.(x)? + By x[1]
and for sine waves,
costiipe(w*, ) = (F(m) — w*)z + 51 Ua?”r(x)z + B2 (V* — $[1])2

where v* was a target frequency.

For both dots and lines, & was chosen by the SciPy[121] implementation of the bounded
Nelder-Mead algorithm. The parameters used in each cost and optimization function are
summarized in All parameters were tuned by hand.

Unlike the first round, this set of dot prints attempted to use the longest possible pulse
width to avoid a potential failure mode where the SIJ-150 would play a waveform twice
when pulses were below 10 ms. The algorithm targeted 600 Hz to stabilize the line print
outputs around a common frequency while retaining enough flexibility that low frequencies
could still be invoked to produce large feature widths.

Finally, an outer loop was needed to adjust the printing process by adjusting the target
width as the primary input. The first design for this process was straightforward and
required no additional tuning or parameter tuning: the algorithm would make proportional

adjustments based on the observed width of each print. In other words, given a true target
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Table 7.3: Control Loop Parameters.

Param | Dot printing Line printing

51 0.1 0.012

B2 -0.3 0.001

v* n/a 600

x0 (3, 3] [0, 500]

bounds | [(1, 10), (1, 30)] | [(-3, 3), (20, 1000)]

width w*, a previous set point of w;, and a measured feature width of wyeqs, the next

control input would be

w*

meas
3

Wit = W;

The first iteration would run with wy = w*, and at each step, the printer would execute the

waveform chosen by

& = argming cost(x,w)

This was a somewhat naive approach! The control steps would tend to be relatively large,
and there was no damping parameter to prevent the system from flying out of control. There
was an implicit assumption of linearity in the system’s response to the w parameter. So
if the regression model ensembles’ outputs could maintain a linear correlation with actual
feature sizes over a range of inputs, this approach was likely to enable very fast convergence
on the target width.

With no in-situ monitoring in place, running the update loop was a laborious process
that required me to home the printer, unmount the substrate, walk to a microscope, locate
the printed test pattern, measure each feature, walk to a computer, enter the latest w'™°**
values, generate a new recipe, copy it to print PC, walk to the SIJ printer, re-mount the
substrate, re-load a new run, reset the nozzle height, unclog the nozzle, and execute the new
recipe. So this was not exactly a sustainable solution, and the number of control updates
would never be able to exceed one or two trips around the circuit. (It also helped to book

out all those tools on the weekend.)
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Figure 7.7: Micrographs of three printed dot test patterns.

The lengthy measurement process also introduced variance into the process: nozzle
height, ink age, and substrate placement were all reset from each trial to the next. Despite
the drawbacks, this setup at least had the potential to demonstrate the feasibility of using

proportional updates model-based optimization set points to achieve targeted feature sizes.

7.8.2 Control Version Two Results

displays three sequential test patterns from the first test of the new control loop
in dots, with targets and measurements shown in [Table 7.4] The tests ran from left to right,
first printing a row with waveform 6 (the largest target) as a de-clog step, then stepping
through the target widths from 2 to 70 um. The bookend targets were not successful in
finding their desired feature widths. The 2 um target vacillated between printing too large
and printing nothing. The 70 pum target, despite starting only 3 pm from the mark, appeared
to be destined for an uncontrolled oscillation that is the hallmark of an over-tuned control
loop. (When a width of zero was measured, the control value w automatically adjusted by
a factor of 2 to avoid divide-by-zero errors in the control step.)

The middle four set points, however, hit the mark almost immediately. Starting from an
average error of nearly 10 pm, they converged to an average error of < 2um after only one
proportional adjustment and < lum after two adjustments. The first control adjustment

for the 5 pum target point was a frightening factor of 0.28x, and yet the resulting feature
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Target [um] Trial 1 [um] | Trial 2 [um] | Trial 3 [um]
2 10 0 10

) 18 6 6

10 23 8.5 10

20 31 17.5 22

40 39 39 40

70 73 177 46

Mean Error 8.2 19.2 5.8

Mean Error (middle four) | 9.5 1.5 0.75

was within 1 pm of the target. The experiment demonstrated that the proportional update
loop would cause these values to converge on their target widths in a single step and remain
there stably; it was a success.

Figure 7.8 shows the final test pattern of the first successful line control algorithm, with
targets and trial measurements shown in This set of target widths was taken
from a 5-bin quantization of a solar cell grid design. As before, the largest target width
features showed unpredictable behavior from one trial to the next. However, for the four
target widths in the range [20, 143], the mean size error decreased from 25 pm in the initial
attempt to 4.75 pm in the third trial. This particular print appeared particularly susceptible
to drift from one trial to the next - nonetheless, the control loop was able to drastically
improve print size accuracy after just one or two adjustments by the proportional update

rule.

7.83.8  Discussion of the Updated Control Method

Single-shot adjustments with a simple proportional update rule for width set points success-
fully controlled the feature sizes of both dots and lines to within 2 and 10 pum, respectively.

However, both methods fell apart at the extrema of target widths, with dots failing to con-
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Figure 7.8: Final pattern from a test of controlled line printing.
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Table 7.5: Line Widths Over Proportional Control Updates

Target [um] Trial 1 [um] | Trial 2 [um] | Trial 3 [um]

20 60 18 16

54 83 60 99

86 105 78 80

143 155 122 135

200 180 145 155

Mean Error 24.0 18.4 12.8

Mean Error (top four) | 25 9.25 4.75
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Figure 7.9: Target feature widths vs chosen waveform voltages (in green) and time param-

eters from the sine line (left) and square wave dot (right) control loops.
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trol below 5 um or above 40 pm and lines failing to hit targets over 140 pm.
displays chosen waveforms for different target feature widths for the sine wave lines (left)

and square wave dots (right), and it may provide some insight into these limits.

Because waveforms were set by a numerical optimizer, control values are not guaranteed
to be global optima in waveform space. The outputs of the control loop were susceptible to
getting stuck in local minima, jumping between different families of solutions, and would
have been sensitive to starting position. To make matters worse, the underlying optimization
landscape contained all of the noise and uncertainty produced by an ensemble of models,
and the variance metric, in particular, would have introduced a fair amount of noise to
the optimization process. The square wave models seemed particularly susceptible to such
effects, and notable jumps in the ML-selected waveform occurred at 2, 10, and 50 um. In
addition, both models became highly unstable as the target size grew large before hitting a
rail at almost 200 pm for the sine waves and about 80 um for the squares. The square waves
seemed to rail out below 2 ym. These effects were likely caused by falloffs in the amount of
training data for these sizes. Square wave dot features mainly fell between 2 and 100 pm in
diameter in the training set, but with sparse representation above about 60 pym, and sine
line widths were strictly between 20 and 250 um, with a falloff in their representation above
200 pwm. Outside of those bounds, the output of the ML ensembles would have become

unstable, the optimizer’s behavior erratic, and any attempt at model-based control futile.

The lower limit of 20 um for line printing also corresponded to a lack of supporting data
in the ML training datasets, but it was unique from the other size limits in that it appeared
to be a physical limitation of the system. The histogram in [Figure 5.6|shows that lines with
a width | 20 ym were not encountered during any line printing experiments - that minimum
was likely due to a combination of factors, including a minimum sustainable ink flow from

a standard-size SIJ nozzle combined with the chosen print velocity of 500 um/s.

Nonetheless, a principle result of the experiment was promising: ML-guided control
of the EHD process was successful with zero-shot models plus proportional control steps
provided that target feature sizes were within the well-supported domain of the ML training

datasets.



135

7.4 ML-Directed Demonstration Patterns

7.4.1 Multi-width lenses and interconnects

With one online control step, ML-driven printing was able to produce reliable printed fea-
tures with about one decade of size control for both square wave dots and sine wave lines.
This was sufficient to attempt printing some larger test patterns. displays exam-
ples of several test prints. At the top, two varieties of optimized ramified solar cell grids are
shown on hexagonal and square meshes, along with visualizations of the grid designs. Both
patterns are 2 cm to a side, and while the quantized widths do not fully replicate the line
tapers from the original patterns, they reproduce both the largest and the smallest features
called for in the original patterns. At the bottom is a portion of a meta-surface lens pattern
designed to focus infrared light.[I59] This pattern is scaled up to accommodate the smallest
dot size that could be produced with that day’s setup - it deploys 4, 8, 12, and 16 um
diameter features. Unlike previous additive attempts to produce patterns with varied sizes
on EHD printers, all demonstration patterns were printed in a single pass, producing each
successive feature size on demand by switching between the tuned ML-produced waveforms.

Unfortunately, these patterns were plagued by missing features or, in the case of the
lense, are simply incomplete. This was due to our old friends: process drift and clogging.
A less obvious error is that these grids patterns are not optimal for the properties of the
printed lines. All grid optimizations done to this point had used textbook values and
geometric assumptions to model conductivity and scaling properties, but the true tradeoffs
between conductivity and line width (and thus shadowing) were still unknown. An optimal
grid pattern needed to optimize its morphology for the specific physical system that would

be used to produce it.

7.4.2 Printed Line Conductivity

The final practical to check of printed metal line function was a verification of their con-
ductivity. EHD-printed lines need to move current across the solar cell surface for solar cell
front grid applications - to create metal lines with decent conductivity, test patterns were

produced using repeated overprinting.
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Figure 7.10: Demonstration patterns of lines (top) and dots (bottom) with ML-controlled

feature size.
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Figure 7.11: 4-point conductivity test patterns printed using ML-derived waveforms and

AGK-104 ink. From top to bottom, line widths are 14, 39, 87, and 185 um.
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Table 7.6: Electrical properties of printed lines

Width [um] | Resistivity [©2/cm] | Conductivity [S-cm]
14 411.0 2.4E-03
39 212.3 4.7E-03
46 289.4 3.5E-03
70 64.7 1.5E-02
87 61.1 1.6E-02
99 27.3 3.7E-02
143 26.6 3.8E-02
182 7.9 1.3E-01
185 9.0 1.1E-01

Maximizing each line’s aspect ratio will generally improve line conductance without
introducing additional shadowing, and EHD printing can produce very tall features at the
cost of additional printing time. [120] and others have noted that EHD-printed features can
grow to almost arbitrarily tall with repeated deposition in one location without spreading
on a substrate. Inks tend to stay within the footprint of the first print pass, at least partly
due to a coffee staining effect that causes particles to pile up around the perimeter of
the first print pass. Precise size control when depositing on a bare substrate is especially
beneficial for overprinting because the initial print pattern locks in the footprint for future
over-prints of the same pattern. To test the conductivity of deposited silver lines with
AGK-104 nanoparticle ink, 4-point conductivity test patterns were created using multiple
ML-generated waveforms. Each pattern was printed with ten passes over the same path,

and the four contact pads in each pattern were deposited with a high voltage wave.

Figure 7.11| displays some examples of printed conductivity test patterns, and relation-
ships between line thickness and electrical transport properties are shown in and
Figure 7.12] The trend of increasing conductivity with increasing line width is consistent

with an exponential trend.
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Figure 7.12: Electrical properties of printed lines. Resistivity (top) and conductivity (bot-

tom) have an exponential relationship to line width.
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Figure 7.13: Cross-sectional height of five EHD-printed lines of varying width, measured by
optical profilometry.

As expected, the effectiveness of printed line charge transport increased as line width
increased, at least when lines were limited to a uniform number of print passes. Exponential
scaling is something new in the context of diffusion networks - most past studies have dealt
with fluid or diffusive flow and employed polynomial models as a result. These trends
suggest that there is a statistical mechanism underlying the relationship between width and
conductivity. The most likely culprit would be the proportion of percolating pathways that

remain continuous through the sintered particle network of a metal nanoparticle-based wire.

Table 7.7: Heights and Aspect Ratios of EHD-Printed Metal Lines

width [pm] | max height [pm] | aspect ratio [x:1,000]

14 0.194184785 13.87034176
39 0.381980852 9.79438082

87 0.521256684 5.991456141
143 0.664384091 4.646042593

185

0.560125516

3.027705491
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The print height profiles shown in[Figure 7.13|reveal the distribution of material laterally
across a selection of printed wires. While overall line height increased with width, it did
so with decreasing efficiency. In fact, the measurements summarized in reveal
a reduction in height:width aspect ratio as lines became wider. All metal lines but the
largest exhibited profiles that dropped to substrate level at least once, suggesting gaps in the
connectivity of the network of nanoparticles that make up each line. These observations lend
some credence to the theory that percolation effects were a dominant factor in determining
the width-scaling properties of the EHD-printed silver nanoparticle lines.

The effective sheet resistance of the printed metal provides another way to quantify
the scaling effect. Evaporated metal lines exhibit a more or less constant sheet resistance
independently of line width - not so for EHD printed lines. Sheet resistance for the lines
under 50 pm in width was about 0.9 /0 on average, and for lines over 150 um, it was
0.16 ©2/0 on average. Virtuous scaling in an electrode was the principle requirement for
a ramified transport network to be optimal over a tapered linear grid, and these results
verified the virtuous scaling assumption in EHD-printed metal lines. The resistivity data
also provided the first quantitative model for the actual material properties of ML-guided
printed lines with this particular set of substrate, ink, and hardware. That model, in turn,

could be used to guide the future design of electrode grids on this printer.
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Chapter 8

DISCUSSIONS

ML-driven prints of ramified solar cell grids exist in the world now - with dimensions
produced to specification and lines that conduct electricity, this could be a natural stopping
point. Much work remains undone from each of the component projects in this dissertation,
however: a method for laying out tapered isotropic grids in discrete geometry would bring
those patterns to performance parity with the tapered H-bar patterns of the 1970s. Better
optimization routines and loss function management around wire width limits could improve
the performance and stability of the GridGraph optimizer. And the promising MoE-FtL
few-shot learning loop has yet to be demonstrated in a physical system.

Before wrapping up this volume, it may be worthwhile to explore some of those missed
opportunities, unexplored side streets, and future opportunities in some detail. Then, we
will conclude by wrapping the grid printing process back on itself, ouroboros-like. Having
charted the flow of information from theory through design and to the printing process
itself, design and manufacturing can now collaborate to optimize a printed electrode based

on the characterization of this particular metal nanoparticle materials system.

8.1 Extensions for Grid Optimization

The cellular grid optimization framework is aimed fairly strictly at one application in this
work, but there are ample opportunities to extend and augment this approach to system
optimization. The graph structures that underly the dynamic grid are adaptable and rel-
atively universal. However, a couple of assumptions need to be baked out of the current
model before it can be truly transportable. An obvious application of the model would be
towards electrochemical electrode structures, where the potential for improved performance
may be orders of magnitude larger than in solar cells. However, the model would need to

extend into three dimensions and be made multi-phase.
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As opposed to the solar cell case, where resources spring up out of the substrate unbidden,
batteries and fuel cells extract power from the interface between two or more diffusing
entities. At a minimum, the anode, electrolyte, and cathode in such systems each bring
diffusion tradeoffs to the process. Some use cases may have even more demands, as in
anode-air batteries where the cathode is responsible for current transport but also facilitates
2-way gas species transport through its porous space. In the grid model, the positions of the
various diffusion network species would need to fight against each other for limited volume,
and power-generating interactions would occur along the edges that connect elements of
different species. This advancement would also allow the GridGraph to optimize layout for
interdigitated back-contact solar cell electrodes.

In addition to expanding single simulations into higher dimensions and multiple net-
works, there could also be a benefit to linking multiple grid networks together across multi-
ple scales. For instance, a holistic model for a solar cell might co-optimize the front electrode
with a back-side bus layout. The front simulation optimizes the placement of grid lines for
a multi-via layout, where each via is a sink. The back-side simulation would optimize the
placement of through-vias based on the power inputs from the front-side graph and its own
optimization of material and operating voltage. Because GridGraph uses explicit gradient
passing, these multi-tiered simulations could pass voltages and cost function values between
each other.

Finally, the grid optimization procedure could be much improved. This aspect of the
project was deemphasized for the solar cell case because it was unclear how much additional
performance remained to be squeezed from increased optimizer performance. However, in
a more complicated multi-phase or higher-dimensional problem, the room for improvement
is likely much greater. The greedy optimizer used here was susceptible to getting stuck
in local minima. Some basic stochastic methods from simulated annealing could make an
immediate improvement on solutions.

To push the performance of optimization performance, the grid problem could be pack-
aged as a reinforcement learning problem. The task is difficult on the cellular level, but
deep learning methods might be able to identify global trends, such as watershed boundaries

or main trunk placement, that would bias the greedy solver towards better minima. This
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approach would be reminiscent of deep learning solutions to other NP-Hard problems that
live on graphs, such as circuit optimization and protein folding. Recent improvements in
those arenas have used existing software such as molecular dynamics or electronic design
automation suites, supplementing their solvers with additional information that biases an-
swers toward improved results.[144 78, [25] A similar approach to grid optimization could
use the grid simulation architecture, but augment raw gradient signals passed to each cell

with ML-derived estimates of optimal routing direction.
8.2 Adapting MoE-FtL for a Continuous Process

The contest-of-experts MoE-FtL model provided a simple and direct way to perform few-
shot prediction of a deeply heterogeneous process and could be a valuable approach to
transfer learning in wandering processes in general. The EHD dataset provided an arena that
is easily divided into episodes that make it easy to test the MoE-FtL, but it is also interesting
to consider how the model might be deployed in longer episodes or for a continuous process.
This type of modeling would be especially useful for situations where a process is known to
drift due to unmeasurable factors.

This adaptation is simple: episodic data would be gathered in continuous-time chunks
of the continuous process, and data from each episode would train one expert model. Simul-
taneously, a periodic rolling assessment of the experts in the ensemble would provide the
basis to select a champion for the next period of predictions. The size of the two continuous
sampling windows are two new hyperparameters, and both are subject to the double descent
problem.

For the training sampling window, there is a tradeoff between gathering more data
to support expert model training and admitting more variation from the process into the
sampling window. Similarly, for the retraining sampling window, the increased sample size
will boost confidence in the expert selection process but will also delay the deployment of
a new expert model. The two sampling windows will be sensitive to the complexity and
dimensionality of the training space, the rate of process drift, and each other.

Finally, in such a process, there is potential for the MoE-FtL to grow computationally

expensive as new expert models are continuously added to the ensemble. A very large pool
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of experts also increases the risk of false positive selections - poor models that win the
contest due to lucky answers on the evaluation set. A principled method for curating the
ensemble that balances model diversity against size could be helpful in those cases.

As an aside, the MoE-FtL approach is so intuitive and straightforward that it beggars
belief that we discovered it in this work. Whether as an ensemble method, a Bayesian
process over a collection of estimators, or some other forecasting framework, it has almost
certainly been demonstrated and named somewhere else. The omission of prior work may

simply be due to a failure of background review, but certainly not malice.
8.3 Printer Improvements and Tapered Lines

For all the time spent characterizing and controlling the EHD, the final demonstration of
the printer’s capabilities was a somewhat limited affair. Critically, it still cannot do the one
thing that, as we have known since the 70s, a solar cell grid should do: the current ML-
controlled EHD cannot produce a taper. Producing a smooth, controlled, tapered line may
be an extremely challenging task - the current patterns approximate it crudely by stepping
through several preset line widths, and a more realistic implementation in the short term
may be to increase the number of steps, achieving smoothness through reduced aliasing.

Nonetheless, if taper is the goal, there will need to be some improvements to the EHD
hardware, principally its input and output interfaces. Efforts to create online monitoring
of the EHD process were abandoned early in the project, which may have been a mistake.
The lack of in-situ feedback completely halted any attempts at practical transfer learning or
real-time control. However, findings from this project should heavily motivate the inclusion
of in-situ measurements in future projects, even if they are relatively simple.

First, the print/no-print boundary is the most valuable signpost in the EHD process
space, so even if a camera could only tell whether ink was flowing, it would already provide
valuable calibration data for the EHD process. A laser-based scattering rig could be adapted
to provide this function for sub-micron droplet sizes if standoff distances are sufficiently
large.

Second, transfer learning with a MoE-FtL model was successful with just a few input

points, and on-substrate measurement of printed feature sizes could easily take advantage
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of this to perform live transfer learning. The optics for these measurements need not be in
line with the process. A vertical camera with 2 pm/pixel resolution mounted anywhere
above the SIJ substrate could be used to select champion models at the start of runs or to
re-calibrate during brief pauses in the middle of runs.

In practice, I would perform these updates in two steps. First, use an optimum sampling
strategy of several waveforms to select a champion model from a MoE-FtL ensemble. Then,
using that champion, perform a single test print of target sizes to determine proportional
control updates, as was done with the zero-shot models in this work.

Finally, to take full advantage of those inputs, the waveform generation and print control
interfaces need to be unified. Any future project would do well to coordinate with a tool
vendor (or make your own!) to place control of positioning and waveforms under a single
software umbrella. This capability is critical to take full advantage of in-situ monitoring
and to coordinate the smooth transitions through process space that will be necessary to

print smoothly tapered lines.
8.4 Dielectrophoretic Printing Explains Some Things

The EHD is a strange creature, and each ink presents unique challenges. Much time was
spent wrestling with the AGK-104 ink system throughout the EHD dataset creation project,
and particular idiosyncrasies of ink behavior became clear during that time. In particular,
the printer tended to clog when presented with a waveform or two that failed to drive ink
ejection, the process consistently drifted towards needing more voltage to achieve consistent
results, and the printer showed a large range of critical response times, sometimes nearly
a 100x difference from one print to the next. All of these effects can be explained by a
particular model of ink actuation by dielectrophoresis (DEP), which I will outline here.
These unvalidated hypotheses are based on experience and observation, but they remain to
be confirmed by direct experiments.

According to [120], the ejection of a colloidal nanoparticle ink with an entirely nonpolar-
izable solvent is driven by dielectrophoretic acceleration of nanoparticles across the ink-air
interface. DEP describes the two-step effect where an electric field polarizes noncharged

particles, then accelerates them in a region of nonlinear field.[76] Conceptually, field nonlin-
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earities create an effect where one side of the polarized particle sees a stronger field than the
other, causing particles to move towards the region of steeper gradient. So the direct effect
of DEP on a colloidal system is to accelerate particles within a nonpolar solvent. However,
a combination of entrainment and gradient-driven flow may also cause the bulk fluid to
accelerate along with its constituent nanoparticles.

DEP is sometimes applied to directly manipulate particles in a solvent, for instance, by
manipulating proteins or isolating red blood cells from plasma in a microfluidic device.[45),
93] When inducing particle drift, DEP can segregate polarizable particles and create con-
centration gradients within a solvent colloidal mixture. It can also drive bulk flow of a
colloidal mixture if the fluid is free to flow.[43] These two regimes - particle drift and bulk
flow - are probably both present in the EHD printer: when printing voltage below V;, the
critical voltage to induce ink jetting, electrical fields applied to the ink column will act on
metal nanoparticles creating drift but no fluid flow. (We know that flow is absent because
no ink is deposited!)

At least three sources of nonlinear field are present in an EHD nozzle. [120] noted that
the fluid-air interface at the tip nozzle will tend to accelerate particles towards the substrate.
There is also a field concentration effect at the print nozzle tip, the same field effect that
causes traditional EHD ink jetting in polarizable fluids, which will become more acute as
the meniscus tip extends, reducing the effective curvature of the nozzle tip. Another tip
concentration effect is caused by the metal electrode that runs down the inside of the glass
SIJ nozzle, terminating a couple of millimeters short of the printing aperture. DEP forces
will drive particles toward these concentrators and the nozzle tip under subcritical voltage,
likely causing the rapid clogging observed during experiments.

It is interesting to note that clogging could still occur when V' > V;. When printing just
above the critical voltage, if the rate of fluid flow through the nozzle were less than the rate
of particle agglomeration at the nozzle tip, then clogs would still tend to form. This effect
may be at play in the smallest 16 um line in the test pattern shown in which
tapered off and eventually clogged towards the end of its run. This imbalance in particle
and bulk flow rate would create an effective minimum sustainable flow rate, corresponding

to the print conditions where bulk fluid flow could ”catch up” to the rate of DEP-driven
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particle drift. This minimum flow rate, combined with a static tip speed of 500 um/s, could
at least partially explain why no line widths below 20 pm were observed in any of the sine
wave line experiments.

A second effect of DEP-driven printing may be related to the ink column and the effects
of bubbles. A curious case of two experimental runs shows up in the dataset: the largest
critical width threshold print occurred on April 1, with a threshold pulse width of 96 ms
and a routine critical voltage of 105.3V. (The dataset it produced was highly inconsistent
and subsequently was excluded from ML model training.) However, the very next set of
experiments was back to normal: 1 ms threshold pulse width and a slightly higher 112.5V
threshold voltage.

These two experiments, which were performed back to back, used identical equipment:
the same substrate, ink, and standard-size SIJ nozzle. The only difference was that between
the first and second print, the nozzle height was increased from about 20 to about 30 um
above the surface, and an air bubble was cleared from the nozzle. (The air bubble was
trapped in the ink column during print one, then I manually ”printed past” the bubble
before starting print two.)

So the presence of air in the ink column produced a 100x increase in the response time
of the EHD printer but did not affect the critical voltage. This trend makes no sense in a
”pull” model of EHD printing, where the main action of the applied voltage is to pull ink
directly from the nozzle tip by acting across the fluid-air interface. Under these conditions,
a bubble in the ink column would instead increase the system’s responsiveness by reducing
the mass of ink needing to respond to each voltage pulse.

However, the observation makes perfect sense if the EHD operates according to a ”push”
model. If the main action of an applied voltage is to pull the entire ink column towards the
nozzle tip, then a bubble close to the tip would add a compressible element to the system.
Before the ink could jet, pressure would need to build in the trapped air by physically
displacing the entire ink column above it down towards the nozzle tip. This would create a
time delay between voltage onset and ink flow. When the air bubble was ejected from the
ink column, the delay disappeared.

One mechanism that could explain the effect of DEP forces on a large column of ink
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that is distant (say, lmm+) from the EHD nozzle tip could be gradient-driven diffusion.
First, the applied voltage pulls particles towards the field concentrators close to the nozzle
tip, creating a concentration gradient up through the ink column. Then, everywhere that
concentration gradient exists, an osmotic restoring force will attempt to drive fluid down
towards the tip, creating back-pressure at the meniscus that scales relative to the height of
the whole ink column.

This mechanism also explains the in-process drift that often requires higher voltage as
runs proceed. As the ink column depletes over the course of a run, the osmotic back pressure
will correspondingly decrease. Tellingly, this effect would be driven by print volume, not
print time.

If this speculation is true, it suggests that one of the principal sources of variation and
heterogeneity in the EHD is the ink-loading step. Ink is introduced into the print nozzle
by hand with a micropipette. The exact amount of ink that gets loaded into each nozzle
is random, as is the placement of any air bubbles in the ink column. In fact, given the
extreme effect of a single air pocket on printing characteristics observed in the April 1
prints, it may not be a stretch to say that ink loading variance could be the primary driver
of print-to-print variability in the EHD printer. To offset these effects, it would be helpful
to introduce engineering controls that limit the introduction of air bubbles into the ink
column and control the effective height of the ink column. Alternatively, in addition to in-
situ measurements of jetting and feature size, a measure of the height of the ink column in
the EHD nozzle could allow recipes to compensate for the ink depletion effect in a controlled
manner.

Either way, follow-up modeling and experimentation to verify and quantify the effects
of bulk-fluid DEP-driven printing with dielectric colloids could significantly enhance under-

standing and control of EHD processes, with or without all the ML bells and whistles.
8.5 Grid and EHD Applications to Biosensors

In the way of PhDs, I happened to complete a whole different project on the way to the
solar cell grid. In that work, we conceptualized, optimized, and manufactured the first

proof of concept for a multiplex, peptide-sensitized biosensor that may be able to diagnose
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Figure 8.1: Overview of the design and manufacture of a peptide-sensitized eNose sensor
for disease detection in human breath. On the left, machine learning models are trained to
identify the volatile chemical markers of disease using simulated odorant proteins as sensing
elements. On the right, protein binding slot amino acids are transplanted to the surface of

a carbon nanotube transistor, enabling the electronic transduction of a scent signal.

COVID-19 disease based on the smell of human patient breath.[95]

Exhaled human breath contains a rich mixture of volatile organic compounds (VOCs)
whose concentration can vary in response to disease or other stressors. Using simulated
odorant-binding proteins and machine learning methods, we designed a multiplex of short
VOC- and carbon-binding peptide probes that detect the characteristic ”VOC fingerprint”.
Specifically, we targeted VOCs associated with COVID-19 in a compact, molecular sen-
sor array that directly transduced vapor composition into multi-channel electrical signals.
Rapidly synthesizable, chimeric VOC- and solid-binding peptides were derived from selected
proteins using multi-sequence alignment with protein database structures. Selective peptide
binding to targeted VOCs and sensor surfaces was validated using surface plasmon reso-
nance spectroscopy and quartz crystal microbalance. VOC sensing was demonstrated by

peptide-sensitized, exposed-channel carbon nanotube transistors. illustrates the
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process.

Two major techniques demonstrated in the current work could potentially improve and
accelerate the design and manufacture of peptide-sensitized biosensors. The first is in the
design of interdigitated electrodes to maximize surface interface area. A simple version
of this was demonstrated by [82], where a compact fractal design improved sensitivity by
imposing uniform field conditions across the sensing interface.

The second point of application would be in the deposition of inks containing diverse
peptide species onto closely spaced sensor areas. Each carbon nanotube transistor needs to
receive a different peptide sensitizer in the final array, and the size of peptide-laden droplets
will dictate the minimum physical separation between neighboring transistors. The EHD’s
ability to deposit micron-scale droplets precisely on a surface may be key to miniaturizing
the multiplex eNose device. Additionally, the concentration and conformation of peptides
and proteins in solution are manipulable using dielectrophoretic effects.[93] Therefore, the
conformation and surface adhesion of peptides in an EHD-deposited droplet may be sensitive
to the waveforms used to print them, necessitating the type of multi-objective optimization

of the EHD process that was demonstrated in this work.
8.6 Closing the Printed Grid Loop

In the beginning, we began with a simple conception of a solar cell grid: just a straight line
of metal running through a homogeneous plane of photovoltaic material and an integral form
of Ohm’s law describing the sources of power loss in the system. Next, we reviewed a century
of research that charted out optimal designs in this space, from numerical descriptions of
the balance of line thickness and pitch to the design of line-and-bus H-bar electrodes. We
noted an omission in that literature regarding isotropic grid patterns. Finally, we discussed
optimal flux density scaling laws noted first by Murray[92] and then in the continuous case
by Scharlack[119]. Networks that use metal lines tapered according to those scaling rules
were as optimal as one could get when designing solar cell grids.

However, there was an unsolved meta-problem. For transport networks with virtuous
scaling - where thicker lines became more efficient transporters - the best layout for a net-

work of tapered lines was a ramified network like those found in biological systems. These
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networks allowed current to converge to a few large trunks, expediting efficient transport
over longer distances, and selecting optimal networks was an open problem. The numer-
ical description of solar cell grid power loss was packaged into a graph-structured cellular
simulation. A greedy optimization loop in that playground was able to find improved grid
designs relative to a tapered H-bar baseline.

Containing many line widths that spanned over an order of magnitude, ramified elec-
trode patterns seemed impractical to produce at first glance. A solution was proposed to
print these patterns with an electrohydrodynamic inkjet (EHD) - a tool theoretically capa-
ble of producing controlled conductive line traces with many materials and at scales down
to the micron. To tame the variable EHD process and achieve control over the line widths
it deposited, a machine learning (ML) approach was proposed. After creating a multi-task
dataset of compiled EHD test runs, supervised ML models were trained and deployed in
a zero-shot model-based control algorithm. That algorithm, using single-shot proportional
control updates, was able to create recipes capable of reproducing grid patterns that de-
manded many wire widths. The results are shown in

However, these patterns were still not quite optimal. The precise manner in which the
conductivities of printed lines scale with their thickness governs optimal line width at the
cellular level and decides the optimal routing of current through a ramified network. All grid
designs to date used a placeholder function for these values, typically taking a reasonable
estimate for bulk metal conductivity and scaling line conductivity as a polynomial function
of width.

However, with ML-guided printing online and conductivity characterization complete
on a series of physical printed lines, the full grid design loop could finally be closed. A
numerical model that described the scaling behavior of EHD-printed traces would plug
into the greedy grid optimizer, which would optimize grid patterns for a particular set of
hardware and materials.

The resistivity trend shown in [Figure 7.12| had an exponential best fit of
R = 487.82 ¢ 2w

for w in ecm and R in ©2/e¢m. An exponential trend would fail to capture the trend for very
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small widths - R should go asymptotically to infinity as w — 0 - but this model reflected

reality in the range of inputs that the printer could easily produce. From [subsection 2.2.1],

the optimal wire width w* minimizes the combined power loss from line drop and shadowing

in a wire segment dx long per

w* = argminy, (I2R + Voszolwéx)

where R = %. Substituting the analytical equation from the experimental fit yields

w* = argming, (12487.82 e 225w sy 4 Voszolwéac)

0= —110,247 [*e™220% 1V T 0
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These new trends were inserted into the GridGraph optimization loop by replacing old
functions for calculating width and resistance at the element level with the closed-form
expressions above.

shows examples of grid designs from before and after adopting the data-
derived model for wire conductivity. The designs that use realistic scaling (top) tend towards
fewer thin wires and a higher density of thick bus bars. The updated model brings the
estimated solar cell efficiency from 20 to 18 mW. All grids were optimized for a 1.2 cm
wide square solar cell with silicon-like properties (20 mA /cm solar flux and 0.8 V operating
potential) and a high-resistance conductive sheet layer of 2,000 2 /0J. The old model assumed
metal conductivity of 2e-4 2-cm. The designs were limited to lines between 20 and 200
pwm for the models using the realistic conductivity model and down to 10 um for the old
conductivity model. shows these patterns as manufactured by the ML-guided
EHD printer with routing updates to alleviate the clogging problems in earlier print runs.

These designs close the solar cell design loop by co-optimizing the wire widths, grid
layouts, and printing process parameters that all conspire to create a current-transporting
grid. With each of the tools discussed in this work pre-baked and ready to go, the flow of

information through the design steps is rapid. Reducing experimental data to an analytical
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Figure 8.2: Comparison of example 1.2cm solar cell grid designs with an old proxy model

for conductivity (bottom) and a new model based on experimental measurements (top).
(top left) is a 9x9 pattern yielding 18 mW; (top right) is a 10x10 pattern yielding 18.2 mW;
(bottom left) is a 10x10 pattern yielding 19.5 mW; and (bottom right) is a 12x12 pattern
yielding 20.1 mW.
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Figure 8.3: Images of printed 1.2 cm solar cell grids designed with a material model based

on experimental measurements.
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description of optimal wire size is a manual process, costing minutes. Execution of a grid
optimization loop with the new analytical expressions takes about 20 seconds. And with a
bank of target wire widths from the grid process (for these example patterns, we are looking
for lines with widths 20, 48, 84, 110, and 197 um), the ML-guided process optimization loop
will execute faster than the time it takes to type the command.

Of course, there remain limitations and caveats to each of these steps that might prevent
them from being put into a production environment right now. The specificity of each
solution means that this design loop will only work for the particular confluence of hardware
and materials used to develop it. Moving to a new system or application would necessitate,
at a minimum, collecting new process data, retraining ML models, and re-characterizing
the properties of the new printing output. So in offering this dissertation, my hope is not
to provide a complete toolset that could be used for future projects - indeed, the methods
presented are far from being turnkey. Instead, this may provide some examples of how
complex models such as cellular automata and machine learning can be interfaced with
practical problems in mechanical and materials design so that they can operate in the real
world.

Hopefully, this project may provide some examples of how complex models of complex
systems can work together and an argument for why doing so is worthwhile. Often, the
challenge of joining two complex systems arises when trying to identify a workable interface
between two models that apparently speak different languages. The interfaces in this project
arose organically: from theory and measurement to cellular model, the interface was a set
of analytical expressions. From cell model to printer, it is a rich embedded graph. From
machine learning to deposited ink, the waveform interface turned out to be essentially a
musical tone. And from a running process to the control loop, most days, the interface is
a ruler held up to an LCD screen! The brief for this project may have been to optimize
the flow of electrons across a 2-dimensional plane, but it has ended up mapping the flow of
information through a web of connected models, materials, processes, and datasets.

The benefit of all that complexity is agility. A measurement of a wire’s conductivity, itself
a product of the connectivity of a percolating network of sintered nanoparticles, is measured

this morning. By the afternoon, we can produce a new wire grid that is optimized for that
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particular nanoparticle network and printable on this particular EHD printer. A traditional
manufacturing approach to this task would lean heavily on fixed processes, locking down
each interface in turn to produce a functional, rigid structure. Here, a handful of interfaces
in the grid design-and-manufacture process remain free to move against each other, creating
an articulating beast. That is not to say that the beast should enjoy free reign of the process.
Instead, at every step, rails, confidence gauges, and reduced dimensionality all serve to limit
its freedom of movement to a range where data and experience say it is safe to step.

Finally, before closing, I should pay respects to the hidden protagonist of this work,
the guy you are so used to seeing in pictures that you forget he is even there: the humble
variable for width, w. Width was there from the beginning, mediating the tradeoff between
resistance and shadow, and it has been central to every problem considered since. Width
was present in virtually every model, expression, and cost function; it was the x- or y-axis
in almost every chart, the primary measure of success and failure for every chapter. w
even managed, somehow, to become the primary control input to the entire EHD printing
system. For such a simple quantity, measured in centimeters and gauged by a ruler, the
consideration of w has given rise to a staggering explosion of emergent complexity. That is
because, when it comes to transport systems, choosing and achieving w is the crux of the
problem.

With batteries, solar cells, and compact energy systems quickly becoming the foundation
of the world economy, the task of design optimization for new-wave energy transport systems
will only grow in importance. A close look at these systems reveals they are subject to the
same tradeoffs that have driven the evolution of the circulatory and respiratory systems in
virtually every multicellular organism on Earth. If we want to take advantage of the same
morphological solutions to transport that nature has, it will require developing models
and tools to optimize and create these transport structures. Furthermore, it will require
sustainable technological solutions to control the morphology of energy devices down to the
micron scale. In this work, by exploring the use of models, computation, machine learning,
and additive processing to tame the deceptively simple w, I hope to have nudged the state

of the art towards a more efficient future.
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Appendix A

ALL ISOTROPIC GEOMETRIC GRIDS ARE EQUIVALENT

Figure A.1: Geometric conventions in describing the lack of angular dependence on grid
conductivity: (a) grid angle, (b) overlay of 3 linear grids in a triangle isotropic grid pattern,

and (c) a unit tile for calculation of a linear sub-grid in a hexagonal grid.

It was stated in that every isotropic grid design is equivalent to each other.

This fact may not be self evident, but can be illustrated as follows.

To avoid confusion, a planar array of parallel conductive grid lines will be referred to as a

“linear grid.” Consider the “sheet conductivity” # (in units squares/ or Q1) of a linear grid

with width w, height h, and material resistivity pmetai: Ksheet = o T b = b

Here pyire = £ metal i the resistivity of one line in the array, i.e. in units 2 /em, and b is
the grid pitch. These values apply only in the direction parallel to the lines in the array
- indeed if current flux has no convergence, a design should simply align its grid with the

current flux. With ¢ as the angle between the linear grid and the direction of current flux,
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effective grid line pitch and conductivity take on angular dependencies.

Pmetal
wire — Al
Pg, w h cosp (A-1)
b
by = A2
= cosp (A.2)

The angular sheet conductivity for the linear grid becomes

wh
Pmetal b

K¢ = cos’

(A.3)

Square and triangle grids are both comprised of multiple overlayed linear grids. Because
all sub-grids are continuous and in contact with each other, we model the complete system as
several linear grids in parallel with offset angles ® = {¢1, ¢2, ...}. The resulting conductivity

is
wh
Pmetal b

Kgriqg = Z cos* (A4)

ped

If the involved grids have the same line properties and pitch, then the right-hand fraction
carries out of the summation. With current traveling along direction 0, ®syyares = {6, 0 +
7/2} and Pypriangies = {6, 0 + 7/3, 0 + 2w/3}, and the summation reduces to a constant

value - the lack of dependence on 6 indicates that the grids have isotropic conductivity.

Specifically,
square __ wh
grid Pmetal bsquare (A5)
triangle 3 wh
grid = 5 phriangle (A-6)

and if the grids are sized so that biriangle — %bsq“‘"e, their conductivities will be equal.
The hexagonal grid solution is less clear because its component grid lines are not continu-
ous. Instead, consider the unit tile shown in Figure[A.1](c). The effective conductivity of the
cell is 1/3 that of the metal line it contains because of the lengths relationship lyire = %ltile,
and the tile cross section is % of the grid pitch b. The sheet conductivity of a tiling of these
partial-wire cells takes these scaling factors into account. (Such a tiling would not form a

percolating electrical grid by itself.)

lwire wh 2 2 2 wh
= —COS

Kher = cos?¢ - =
¢ ltile Pmetal b 3 Pmetal b

(A7)
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As with the triangle grid, ®pe, = {0, 6 +7/3, 0 +21/3} and ) e, cos’p = 3/2. As
a result, the hexagonal grid has an isotropic sheet conductivity equal to that of the square

grid, so long as their pitches are equal:

hex __ wh
Kgm‘d - Pmetal bhex (AS)

This relationship holds only because the current flux is constant in each of the over-
lapping hexagonal sub-grids and the overall grid is fully connected (it percolates). Any
such system with self-similar sub-grids and ®,,;; comprised of more than 2 whole number
divisions of the unit circle will also be isotropic - it follows that for any such isotropic grid a
pitch value exists which renders it identical in conductivity to the isotropic grids discussed
here.

Though we do not discuss it here in detail, it is apparent that linear grid angle has
no effect on its shadowing behavior, and that the effect of line segment length and pitch
scaling applies identically to shadowing. Furthermore, the multiplication trick used to find
pitch values that bring conductivity in line between two different isotropic grids will also
equilibrate the shadowing coverage of the two grids. Therefore, as far as we can tell, all
isotropic grids will be fully equivalent to each other in their conductivity/shadowing trade-
offs, regardless of the particular number and angles of linear sub-grids. We believe (but do
not demonstrate) that this property extends in expectation to the properties of uniformly

random arrays of conductive lines, such as nanowire assemblies.
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Appendix B

INTRODUCTION TO CONSTRUCTAL THEORY

Constructalism, formalized by Adrian Bejan in the 90s, aimed to describe and optimize
the ramified systems for mass and heat transportation that can be found throughout natrual
systems. Bejan observed the formation of such networks naturally in street traffic networks,
then formulated a numerical solution for conductive heat transport networks in packaged
electronics.[13] In that paper, a 'fourth law’ (of thermodynamics) is proposed: ”For a finite-
size system to persist in time (to live), it must evolve in such a way that it provides easier
access to the imposed (global) currents that flow through it”. The solution to the heat
transport problem, an a = 1 scaling problem in the Murray parlance with straight line ele-
ments, has much in common with the Murray and Scharlack optimal transport formulation.
It identifies an optimal balance point between the sources of loss in the transport system.
The constructal law could be seen as extending Murray’s formulation from "how” to branch
in a network to "when” to branch. (Optimal branching occurs so as to evenly spread the

work burden of transport between each assembly level, or branched tier, in the network.)

Constructal theory has since been extended to balance diffusion networks in numerous
systems including fuel cells,[145] [124] heat sinks,[148, [46] thermochemical batteries, [81] vir-
tual networks,[160] and natural transport networks.[14, [I5] It has been applied to several

geometries of solar cell optimization, [33], 100, 101] recovering the same scaling relationships
discussed above in [section 2.2

Despite its seemingly universal applicability, constructalism can fall short in solving
the ”"where” of network design. It assumes universality on the part of each element of its

design, where real-world problems must deal with heterogeneous reality. (The first four-

vertex example in [subsection 3.2.6| already breaks the tiered assumptions of a contractual

solution.) And the geometric patterns used to form space-filling constructs must be decided

by each individual practitioner, limiting the utility of the theory to optimize the specific
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layout of any particular pattern.

A key observation of constructal theory, and indeed this thesis up to this point, has
been that ramified transport networks appear to be near-optimal structures for a variety
of biological tasks. Biological structures can occasionally be directly co-opted to efficiently
solve transport engineering problems![I28] However, biological systems are self-assembled
and their building blocks - usually cells - can typically only ”see” their local conditions.
The building blocks of transport networks in leafs[IT5] [IT6] or biofilms[117] do not have a
view of the overall macro-scale problem. Therefore the algorithms by which these natural
formations arrive at their topology should be implementable in networks of autonomous
cells. For example, computational models of slime mold colonies, which utilize virtuously
scaling flow channels to form venous nutrient gathering networks, were able to reproduce

maze-solving and space-filling behavior using greedy graphical models.[139] [6]
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Appendix C

METHODS AND SOFTWARE FOR SOLAR GRID SEARCH

A Python implementation of GridGraph can be found at https://github.com/onakanob/
GridGraph. That repository also includes a visualization tool that can be used to explore
the grid-finding algorithm with different geometric parameters. Some examples of solved
grids using this widget can be seen in The wires in the visualization have
widths that scale with the simulation wire widths and their color shades towards red as
total current through the wire increases. The circles each represent one element and sinks
are shown as triangles. The area of each element is determined by a Voronoi tessellation of
the underlying mesh and the size of the circles scale relative to the element area. The color
of the nodes shade from yellow to black, representing the differential term 07'/0I in units
[Watts/Amp].

The software is built with three layers of inheritance, visualized in The
base level owns two graphs, a mesh and a dynamic graph, as well as operations for graph
traversal and modification. The mesh is an undirected graph that is static throughout an
optimization run - it defines the set of allowed connections between all nodes in the model.
The dynamic graph is the directed graph that defines flows from the simulation to the sink(s)
- dynamic graph edges are always a subset of the mesh and will change from iteration to

iteration as optimization passes proceed.

The second level of physics models contains methods for solving current generation and
power loss equations at the element level, for defining vertex-level gathering and transport
functions in a given graph structure, and for calculating the final power output of a design.
This layer is also responsible for defining the update loops that present a reward function at
each vertex. Two date there are two modules that fit this interface: the power-debt-passing
model discussed above, and a more in-depth 2-diode model of solar cell behavior, discussed

in [subsection C.1.20
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Figure C.1: Three grid solutions for a 1-cm solar cell with the visualizer widget from github.

com/onakanob/GridGraph. The underlying meshes use [Left] hexagonal and [Middle and
Right] randomly placed elements. The [Right] pattern employs three sinks.

o Greedy Bandit Random
Optimizer Selection || Cells Search
Physics Debt Voltage
Model Passing Passing

Dynamic
h
Grap Mesh

Figure C.2: Schematic of class inheritance in GridGraph’s implementation. A modular de-

sign approach makes it easy to swap in alternate physics models and optimization strategies.
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Figure C.3: Grids generated by cell-wise bandit search algorithm.

The third level of abstraction contains methods for optimizing the dynamic graph, using
the reward function outputs from the second level to evolve the graph structure over gener-
ations. Three optimization algorithms have been implemented to-date: the greedy routing
described in algorithm [3| a brute-force search, and a naive reinforcement learning approach

with cell-level.
C.1 Alternate approaches to graph optimization

Some alternate modules were explored, in an attempt to rectify weaknesses in the original
GridGraph implementation. A bandit solver would attempt to find better solutions to the
routing problem - it failed due to the exponential scaling of the problem. Second, a double
diode physics model was trialed that would account for fill factor at each cell in the solar

cell graph.

C.1.1 Alternate Optimizer: Bandit Cells

The ”stickiness” of early routing choices in the greedy model results in an early locking-in
of specific choices of main-trunk routing and watershed formation. This hyper-sensitivity
to the first few generations of solver steps is likely to lead to sub-optimal outcomes, so
strategies that encourage active exploration during the optimization process could improve
outcomes. One possible approach to balancing exploration involves the use of reinforcement

learning methods at the cellular level.
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In a relatively naive implementation, a bandit search algorithm was used to guide wire
routing through individual vertices in the electrode graph, as described in by [136]. For each
generation of the grid, each vertex made a random selection of target neighbor. After power

output was collected and the incremental signal %—7; was distributed to individual nodes as

described in [subsection 3.2.3] a set of action-value weights across neighbors were updated at

each vertex. These weights were used to bias the target selections in future generations so
that each vertex preferred to route current to neighbors that had given them higher average

power returns in the past.

Periodically, a greedy selection was made, with every vertex choosing the neighbor with
the max average g—? Examples of three such patterns are shown in - these
patterns were each generated after roughly 1 hour of compute time and between 10- and
100-thousand generations of exploration on the UW Hyak supercomputer cluster. The
patterns are significantly better than random selection, but the extent of the connected
graphs seem to stall out before the entire space could be explored. They also fail to display
the linearity and centered main-trunk locations of the greedy solutions, and the patterns

improved relatively little given an extra 2 or 3 hours of run time.

The bandit search algorithm is likely (indeed, guaranteed) to converge given time. But
the question is how much time. The search is subject to the same explosive scaling as a
brute force search, and at least in this example and subject to these hardware constraints,
the practical limitations seem to preclude the method from approaching the performance of

the greedy cellular optimization.

A combination of the two methods could prove powerful in the future. It is possible
that the outputs from the bandit process could make better initial seeds for the greedy
optimization loop than random or cold starts. Ideally, the two methods would offset each
others’ weaknesses, the bandit method bringing principled exploration to the process while
the cellular optimization loop quickly sniffs out locally-optimal solutions to the noisy outputs

from the bandit search. For now, this approach is left to a future project.
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C.1.2 Alternate Model: 2-Diode Elements

The largest, glaring shortcoming of the debt-passing model of solar cell physics is the omis-
sion of voltage modeling. In real photovoltaics, there is a balance between actual solar
current and operating voltage that must be navigated to extract the maximum power from
a solar cell. As the voltage imposed over a solar cell junction increases, the density of
photocurrent from the active material decreases - in the extreme, excessive over-voltage
can push current back through the photovoltaic material, causing direct losses of current
and power. The behavior of the photovoltaic junction is often represented by a 2-diode
model, [30] with:

Vop qVop

Jsol = Jsc - Jlexp[%] - J2€$p[2k7T] -

Vop
Rshunt

(C.1)

where V,, is the operating voltage, ¢ is the elemental electron charge, £k is Boltzmann’s
constant, T is the temperature, and J,. is the short-circuit current. The J; term represents
a diode model of surface recombination, the Jy term is a second diode modeling bulk re-
combination within the PV-junction, and V/Rgpynt describes current escaping back through
the junction through shorts. In practice, operating voltage V,,, is chosen to maximize cell
power P = J,,Vop, and the difference between this practical power output and an idealized
power calculated from short circuit current and open circuit voltage V,. is the fill factor
FF = Y%l [59) 65

Solar cell electrodes cause a spread in voltage across the solar cell area, from the external
operating voltage at the sink to higher values elsewhere. This means that most of the active
material is operating slightly above or below the true max-power voltage, and the fill factor
of the overall solar cell is partially a function of the voltage patterns created by the electrode.

These critical effects were ignored in the initial model because they introduce a number
of difficulties. Current is no longer conserved, and with the auto-optimizing wire widths

of the grid model, there is no analytical solution to the relationship between V,, and J,y

introduced by |Equation C.1.2] The solver needs time and iterations to converge to a solution.

Luckily, in practice, a dynamic grid over 2-diode finite elements is relatively stable! An
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implementation of this physics model is available in the code at |github.com/onakanob/
GridGraph, and an example of a grid solution from the 2-diode model can be seen in
lower right. The solver iterates as before, but now also takes a single step to
converge the I/V characteristic of the model. It also simultaneously optimizes the operating
voltage at each sink to maximize the fill factor. The system has no guarantees of numerical
stability, but it converges in practice. In future work on this project, this 2-diode model

will probably be the physics module of choice.


github.com/onakanob/GridGraph
github.com/onakanob/GridGraph
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Appendix D
NEXT STEPS FOR THE GREEDY CELLULAR GRID

D.1 Exploring Ramified Electrodes

The patterns that emerge from the GridGraph optimization loops have a certain look about
them - there is a familiarity to the emergent length scales and regions of repeated patterns
within each solution. While these patterns can be described subjectively, I have yet to offer
any measure or quantitative analysis of these patterns. Even though the present approach
has little hope of every finding a truly optimal graph for a large-mesh solar cell area, methods
to quantify and compare the outputs of the optimization loop could still give insights into
optimal designs and how they vary with changes to the material properties and geometric
bounds of the problem. Past researchers have taken a graph-analytical approach to make
observational studies of veins in leaves[115], I8, 118, 19, [116] and slime mold networks, [140],
107, [70] and the synthetic nature of the GridGraph solar cell patterns could allow for direct
comparison to these biological systems, but with larger datasets and systematically varied
initial conditions.

The prime candidate for graph analysis of the solar grid is spectral analysis, which could
be used to illustrate the characteristic repeated feature sizes across length scales. Some
of the metrics employed by [I16] such as nesting ratios (we would use branching ratios,
perhaps) and ”topological length” could likely also be adapted to characterize the solar
grids.

D.2 Enhanced Exploration

The incremental utility of making further improvements to the graph optimizer is uncertain
at this point. If there is significantly less than 1% additional performance yet to be gained
between the patterns being produced now and truly optimal designs, then the effort and

computation time needed to find those patterns may not be justified. However, I suspect
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that some more exploration of design optimization is still justified. Firstly, because there
are likely to be larger potential performance gains in some of the other possible applica-
tions of this type of algorithm, particularly the 3-dimension-embedded graphs discussed in
Secondly, because more optimal designs are also likely to be less varied in
terms of feature sizes and distributions, making them more easy to fabricate. And thirdly,
because there are likely to be interesting scientific and/or mathematical properties of ram-
ified networks that could be explored analytically using this tool-set, and those underlying
properties may be more easily identified in networks that are closer to optimal morphology.

Some ideas for enhancing the exploration capabilities include:
e Simulated annealing to knock the graph out of local optima.

e A switch to slow wire width adjustments, instead of the local selection criteria used
in this model. Allowing the graph to take a slower approach to the final grid design

could reduce the impact of early routing decisions.

e Use of a more powerful model to solve the reinforcement problem. For instance, a
graph convolutional network could learn to weight the edges of a diffusion graph,
and the simulation described here could be used to train the network under self play

conditions. (This would be a computationally intensive undertaking.)

D.3 Higher Embeddings and Additional Poles

The final set of model enhancements change some underlying assumptions of the model
to allow it to tackle an expanded set of optimization tasks, beyond just the front-side
solar cell. One small example of extended applications can be seen in but
other applications require a retooling of the model. The first modification is to raise the
elements of the model into three dimensions to allow the optimization of volumetric grids
such as those found in batteries, fuel cells, electro-chemical cells, etc. Like solar cells, these
devices rely on the transport of charge carriers or chemical species to function, and they
are often rate limited by the active surface area available in the device. Optimization of

these transport structures could improve power density or process throughput, and with the
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additional design freedom that comes with three dimensions, the potential improvements
to performance may be larger than the hand full of percents seen in solar cells.

A more challenging improvement is the ability to optimize bi- or multi-polar grids.
These grids have two sinks that define two networks within the same space, where some
process takes place at the interface between the two electrodes. Such devices will often
experience an improvement in performance if that surface length or area is maximized. The
simplest application would be to improve the layout of interdigitated electrodes, which find
applications in a wide variety of sensors. For instance, introducing fractal-like patterns to
some biosensors has shown to increase their sensitivity.[82]

Many multi-polar gathering problems in nature involve two networks with differing trans-
port properties that must suffuse each other - the lungs are one such example, which seek
to maximize interfacial area between blood and the atmosphere to facilitate gas exchange.
The lungs are a three-pole system, involving flows through arteries, veins, and alveoli. The
multi-polar, multi-flow treatment is also relevant to fuel cells and metal-air batteries, which
must allow gaseous access to the reactive surface through a cathode, making for a total of
four simultaneous transport processes. (Positive and negative charge carriers, atmosphere,
and electrolyte transport.) Finally, a bi-polar optimization process would allow for the de-
sign of layouts for integrated back-contact solar cells, a fabrication process that removes all
shadowing metal from the solar cell front surface by moving both electrodes to an interdig-
itated layout on the back side.

The mathematical treatment of the reward function in these systems becomes more
complex, as reward is no longer produced at every vertex in the grid but arises only from the
edges that connect the two (or more) sub-networks. However, the potential improvements

to the performance of sensor and energy devices could be large.
D.4 Routing current through vias

GridGraph has, to date, been aimed mostly at solar cell optimization problems, with a
special eye towards front contact grids. However, the ubiquitous nature of the gathering
problem suggests that a solver well suited to one such problem could probably also find

efficient solutions to others. One recent extension of the model involved the optimization of
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Figure D.1: GridGraph optimization of back-contact vias in a solar cell module utilized by
SILFAB SOLAR. [Top Left] shows the real layout of via locations at the back side of one
solar cell. The remaining images are various solutions to the routing problem with different

current sink locations.
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the back-contact vias in a solar cell module. Each via is its own sink for electrode patterns
on the front side of the module, but they must all in turn be routed to a common solar
cell module-level current sink. shows some examples of GridGraph-optimized
networks with different sink placements. Extension to this and other problems related
to solar cell optimization could provide insights to numerous energy and mass-diffusing

systems.
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Appendix E
INTRODUCTION TO DYNAMIC MODE DECOMPOSITION

DMD is a method for identifying the principal spatiotemporal modes in a high-dimensional
dynamical system. Specifically, it approximates the linear dynamics operator A satisfying
X' ~ AX in a compact, orthogonal basis set found by performing the truncated singular

value decomposition (SVD) of the time series data X:

X~ USV* (B.1)
where rows of X’ are the next time step of each row vector in X. The dynamics in this

truncated base are:

A=UXVE™! (E.2)

And the state vector at time t can be reconstructed with:

zy = UAU z (E.3)
where the A is raised to the ¢-th power. Traditionally, DMD will additionally identify
real-space modes using the eigenvectors of A and evolve the system using powers of the
complex eigenvalues of A - these approaches are computationally favorable, removing the
need to perform repeated matrix powers. However, the need to identify frame-zero values
for eigenvalues in the DMD mode basis can be performed in several ways, all of them leading
to increased error in reconstruction. In this study, X is sufficiently low-dimensional to admit
the A! reconstruction method above, and this method is used to give DMD the best-case
shot at capturing EHD dynamics.
To capture the effect of different control voltages on the EHD process, the control variant
of DMD as presented by Proctor, Brunton, and Kutz [I12] was explored. DMDc defines the

input space as the concatenation of state and control variables, with
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X' = AX + BY (E.4)
X

Q= (E.5)
Y

where T is the vector of control inputs. The corresponding SVD is

Ux

Uy

O~ USV* = SV (E.6)

Because this decomposition includes elements of the control inputs which are not part
of the reconstruction, a separate SVD is used to provide the spatial vectors used to play

the system forward:

X1~ USV* (E.7)

Then the dynamics and play-forward formulas for the system are

A~ U XIVE'U;U (E.8)
B~ U*X/VE™\US (E.9)
Tpp1 = UEUT% + Uéut (E.10)

where u; is the control input at time ¢. With the systems established, this framework
can, in theory, ‘play forward’ the system given novel inputs u, allowing DMDc to perform

forward prediction and enabling the development of control algorithms for the system.
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Appendix F
FINITE ELEMENT MODELS OF EHD JETS

Two CFD simulations were used as inputs to the dynamic model training process. The
first was a single run from a 2-dimensional model developed by project collaborators in the
lab of Prof. Hantang Qin, [66] and the second was a custom 1-dimensional model that allowed
rapid exploration across different control inputs. The 2D model was used to demonstrate
the fitness of DMD to model EHD dynamics, and the 1D model provided training data for
a DMDc model.

F.1 One 2D EHD Model

The individual frames of a single jet pulse from the Jiang et. al. study[66] were parsed using

the same image analysis routine that was applied to high-speed videos in [subsection 4.2.1]

The final dataset from the 2D COMSOL model comprised a state vector mapping ink volume
(and by proxy mass, from the non-compressibility assumption) on the axis running from tip

to substrate. This flattened state vector was the training input to a DMD algorithm.
F.2 1D FEA

To assess the impact of a wider set of input parameters, as well as the long-term dynamical
evolution of the print head, a 1-dimensional numerical fluid model was developed, modeling
the vertical distribution of mass and momentum between tip and substrate. This model
made non-physical assumptions to expedite its development and is intended as a test in-
terface for machine learning methods, not as a close approximation of any real system. An
example of critical state evolution from a model run from the 1D EHD model could be seen
in As with the other data sources, the output of the 1D CFD was a state vector
representing mass distribution from print tip to substrate over time.

To assess the impact of a wider set of input parameters, as well as the long-term dy-
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namical evolution of the print head, a 1-dimensional numerical fluid model was developed,
modeling the vertical distribution of mass and momentum between tip and substrate. The
model was constructed in Python NumPy, with a state consisting of mass and momentum
vectors and a scalar voltage, representing the effective degree of polarization between the

substrate and the ink. This effective voltage evolves according to:

V;aff/ = Crecharge(v;: - Vveff) - Cdischargemeject (Fl)

Where Crecharge and Cgischarge are constants governing the rates of control-driven po-
larization and ink-driven depolarization respectively, V. is the control voltage, and meject is
the quantity of ink present in the substrate-facing element of the mass state vector.

The model enforces a uniform full column of ink at its tip-facing element and zero mass
at its substrate-facing element so that the tip and substrate function as a perfect source and
sink. With mass and momentum conserved, fluid acceleration is calculated from the sum
of four principal forces: gravity, viscosity, surface tension, and coulombic attraction, as per

the following equations:

Fyravity = CyravityM (F.2)
Fyiscosity = CuiscosityM V2% (F.3)
Faurface = —Csurface Vi T2 (F.4)

Feharge = Ccharge% (F.5)

where M and U are the mass and momentum state vectors, r is the cross-sectional radius
of the ink column, and x is the distance to the substrate. Cyrqvity, Cuiscositys Csur face, and

Ceharge are fitting constants. Surface curvature « is estimated geometrically as

sinb

K =
r
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where

vr
= P F.
0 = arctan 5 (F.7)

and dz is the size of a vertical element. Source code for the 1D Python model can be
found at https://github.com/onakanob/EHD_1D. The 1D model dataset generated state
vectors including mass and momentum between tip and substrate, as well as theV,r;. The

only control input was the control voltage V..


https://github.com/onakanob/EHD_1D
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Appendix G

HARDWARE AND IMAGING METHODS FOR EHD DATASET
CREATION

G.1 Hardware: Integrating the SIJ-150 with a Function Generator

Voltage waveform generation is an extremely well-worn practice, and there are a variety of
approaches to creating controlling waveforms that can drive the EHD process. The physical
system that outputs the waveform would need to be flexible, capable of generating arbitrary
inputs at various frequencies and voltages. It would need to either accept inputs from a
PC Python environment or log and output the inputs that it had generated so that the
waveforms could be captured, matched against measurements of the print outcomes that
they had caused, and tabulated for later use as training data for ML models. Lastly, the
system needed to achieve a high throughput of waveforms to support the creation of ML
models. We anticipated that some models could need on the order of 1,000 training data
to show good performance. At a rate of 3 seconds per experiment, the apparatus could

generate 1,200 experiments in an hour - this was an approximate throughput target.

The printer available at the WCET to perform this work was an SIJ-150 model EHD
printer manufactured by Super InkJet, Japan. SIJ’s printer is modular in its construction.
It uses a National Instruments function generator that takes inputs from a LabView software
client and passes waveforms between roughly -10V and 10V to a 300x signal amplifier. The
printer’s base software only allows the user to define sine waves and square waves with a
25%, 50%, or 75% duty cycle. Each recipe can use a maximum of nine predefined waveforms,

and modifications to those recipes can only be done manually by the user during the run.

A direct rewrite of the EHD control software would be needed to achieve the throughput
and logging capabilities that the project required. But the manufacturer suggested an
alternate approach: we would introduce a new dedicated signal generator into the control

loop and use the existing signal generator as a process heartbeat. We purchased a Tektronix
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AFG1062 arbitrary function generator (AFG) and inserted it into the control loop of the SIJ-
150, as illustrated in the middle pane of The AFG produces arbitrary waveforms
which are defined using up to 8000-element vectors. The vectors can be generated and
logged programmatically in a Python environment, and an open API saves each waveform
to a buffer in AFG memory. (It takes about 2 seconds to import a wavefunction to the AFG
using this interface.) A 1V to 2V square wave impulse from the EHD controller serves as a
trigger, causing the AFG to pass the custom waveform to the signal amplifier and onto the
SIJ print tip. Because the amplifier has a 300x gain, an input of 1V from the AFG would
produce a 300V potential at the top of the print nozzle.

G.2 Rapid Serial Experiments with an Arbitrary Function Generator

Experiments with the AFG proceeded along a serpentine path on the substrate. Every
set of experiments employed a tip velocity of 100 microns per second, with a pitch of 300
microns between each serpentine pass. The entire pattern occupied one square centimeter
on the substrate. The SIJ-150 would deliver a 2 Hz square or sine wave between 0 and
1.3 V to the trigger input of the AFG, and the AFG was set to single burst mode with
a waveform duration of %S. For waveforms defined by vectors of 8,000 float values, each
"tick” of the waveform lasts 3.125 * 1075 seconds, or roughly 31 us. This setup ensured
that each play-through of a particular waveform would be separated from its neighbors by
is, and printed dots would be deposited at a pitch (i.e., spatial frequency) of 50 um along
the printed line.

New waveforms were delivered to the AFG every few seconds. The waveform would
"play” for 1-3 seconds (100 to 300 um), or roughly three to seven repeats of each waveform.
Then a zero-voltage flat line waveform would provide a space of 1-2 seconds (100 to 200 um)
before the following waveform was executed. In total, the length of the serpentine printed
line within the 1 cm square area was roughly 34 cm in length and would take roughly 1 hour
to traverse, producing between 600 and 700 experiments depending on the precise length
of each experimental set. The bottom panel of illustrates the process of rapid
serial experimentation.

The physical experiment layout required tradeoffs between efficiency in materials, time,
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and space and implicit physical bounds placed on the process. The 1 cm? area was chosen to
keep each experimental pass within an area that would be possible to image in a reasonable
time using an optical microscope with a motorized stage and an automated stitching process.
The largest line widths in optimized solar cell designs tended to be on the order of 100 um
wide. The choice of 300 um serpentine pitch allowed printing of 100 to 200 pm feature widths
without causing overlap between adjacent rows. Then, the 100 pum/s velocity brought the
time to complete one full pass to an hour for ease of managing the tool schedule. Finally,
the print frequency of 2 Hz provided a middle ground between cold start printing, where
no ink had passed through the tip in several seconds, and a continuous print schedule that

could see many droplets deposited within one second.

G.3 Attempts at In-Situ EHD Monitoring

To perform in-situ measurements of a live EHD process, two principle strategies were out-
lined. First, a microscope mount was devised to enable in-situ photography of the SIJ-150
printer nozzle. Second, a project was launched in collaboration with the Qin lab at Iowa
State Univeristy and the University of Wisconson at Madison to implement laser scattering
measurements of EHD droplets in-flight that would, in principle, allow for the characteri-

zation of ink jets below the optical resolution limit of 0.3 pm.

G.3.1 In-Situ Optics

An optical microscope with a long-focal-length macro lens was purchased to take images of
the print tip and printed features on the substrate, providing real-time feedback on process
outputs. It could potentially automate the dataset generation process, significantly reducing
the manpower overhead in training ML models. A mounting system was devised early in the
project, pictured in The equipment was carefully specified so that a 45-degree
mount angle would allow the lens housing to sit close to the print head, placing the focal
plane in line with the EHD process without touching (and shorting out) either the print
head or substrate.

Unfortunately, to integrate the microscope into an automated workflow, custom software

would need to take direct control of the microscope camera, capturing images in real time.
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3D-printed
micro-adjuster
adapter

Fits in the SIJ
enclosure

Figure G.1: Pictures of a sling-mounted microscope intended for in-situ imaging of a live
EHD process. A flexible sling and 3D-printed collar support the scope’s weight while allow-

ing microadjusters to focus the image.
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This feature, we discovered, was locked behind a licensing paywall that had not been de-
scribed when the microscope was initially purchased from Leica. Other unsolved problems
remained with the system. The ability of the microscope to capture printed features on the
moving substrate remained unproven, and the input control loop lacked a practical method
for adjusting process inputs based on fed-back in-situ data. For this reason, we decided not
to pursue the extra funds needed to bring the microscope online, and development efforts

turned towards implementing an in-situ laser scattering system.

G.3.2 Laser Scattering

The details of the laser scattering developed for in-situ EHD monitoring are pending pub-
lication, and I will refrain from reproducing them here in detail. An example of the direct
read-out from the system, deployed on an SIJ printer at the WCET, can be seen in

A major challenge throughout the project was separating the scattering signal from
the primary beam. Even with a spot size theoretically under 10 um, the Gaussian cross-
section of the laser beam extended over 100 um out onto the sensor. As printing voltages
increased, however, a mixture of scattering and refraction could be observed from the inkjet
and correlated with feature sizes on the substrate.

However, persistent problems chased the laser drop watcher system. Most critically, the
spreading of the laser spot size dictated standoff distances that were an order of magnitude
larger than those preferred when printing with the SIJ printer. In addition, printing voltages
above 1000 V were necessary to achieve measurable results, while the experimental sets
generated elsewhere in the project typically used {400 V amplitudes. Therefore, the laser
system did not see use as an input to the ML training effort. Instead, we decided to pursue

an ex-situ measurement strategy.

G.4 The Ex-Situ Image Analysis Pipeline

A workflow was needed to process large-area images of many EHD experiments into use-
able tabulated measurements for ML model training. The software solutions would com-

bine manual checks with automated image analysis operations. Code can be found at



https://github.com/onakanob/ehd-dataset,

rized below.

G.4.1 Alignment
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Figure G.2: Laser scattering signals at dif-
ferent printing voltages. Primary signal is
overwhelming, but the background shows

a diffuse signal.
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and the major steps in the pipeline are summa-

The analysis pipeline populates a JSON file
that will eventually direct the analysis of each
experiment patch within the large-area image.
The first step involves the alignment of the tool
path file, which the printer used to perform
X/Y translational operations, with the image.
The user adjusts scale, rotation, and transla-
tional parameters in the JSON file. A software
utility displays the micrograph with an over-
lay of the tool pattern to aid in this alignment
process. The scale of the image is set during
this step, with typical values of 450 to 500 pix-
els/mm, or just over 2 um per pixel.

Once the tool path is aligned, the user locks
in initial guesses of the positions of individual
experiments within the large image by specify-
ing their displacement along the tool path. An
initial offset, spacing, and experiment count are
defined at this stage, along with initial guesses

at image processing parameters.

G.4.2 Placement

Next, the user extracts patches from the im-

age individually for manual verification.

shows a frame of a software utility that displays each patch, one by one, in printed
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Figure G.3: Example of the pattern alignment (left) and patch image processing (right)

graphical user interface for EHD dataset parsing.

order. The user can fine-tune the patch placement along the tool path, adjust image analysis
parameters, and exclude individual patches from the dataset.

Three parameters govern the image analysis of individual patches. First, upper and
lower brightness thresholds segregate each image into background and foreground. Sub-
strate pixels should lie between the threshold values. The printed metal ink traces are
brighter (greater than the upper threshold) or darker (less than the lower threshold) than
the underlying silicon substrate. A minimum pixel count filter is applied to each region of
printed ink to remove noise from the printed area. Finally, a minimum-area bounding box
delineates the remaining detected area. Users can adjust the three parameters to fine-tune

the analysis results of each patch.

G.4.3 Post-processing and compilation

When all patches are aligned, a batch script parses the entire set of patches. Image analysis

is performed on each patch using manually-adjusted parameters. The total printed area,
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length and width of the bounding box, the number of isolated patches of ink, and the average

width (i.e., the total area divided by the bounding box length) are all logged.

At this stage, the user can manually designate clogs in the measurements table. Full
clogs show as long periods of non-jetting, followed by at least one very large feature that
resulted from a high-voltage pulse that cleared the clog. The print tip will generally start
each print run in a clogged state, so the first feature is typically a clogging event; it is up
to the user to manually flag any subsequent clogging events that happened in the course of
the run. Clogged experiments are flagged but not automatically removed from the dataset
in case they become useful in future analyses. However, unless otherwise specified, clogged
data points were removed from all of the downstream analyses and ML training loops that

will be discussed in the rest of this study.

Because the first few waveforms are almost always clogged, it is usually the case that
the initial waveforms in the experimental log do not show on the substrate and should be
skipped for analysis. The image patch measurements pick up some time into the experiment
after the initial clog was cleared. To determine this offset, the Pearson correlation between
the total area under the waveform curve and the total area of printed ink is calculated at
every possible offset between the waveform and image analysis logs. The offset producing
the greatest correlation between the two quantities, which can be as low as 0.27 or as high
as 0.85 in practice, is chosen. With inputs matched against outputs, the two halves of the

dataset can be collated and added to the multitask dataset.

G.4.4 Errors and misfits

In addition to persistent clogging, other errors occurred during printing and image process-
ing that caused experiments to be excluded or errors to creep into the EHD dataset. The
stage alignment of the Olympus microscope was imperfect, causing occasional mismatches
between adjacent pictures in the mosaic. Experiments that straddled two adjacent images
would often appear discontinuous, yielding a nonsensical bounding box. Likewise, experi-
ments that turned a corner at the hairpin ends of the serpentine tool path would generate

inflated bounding boxes and needed to be excluded. Debris on the substrate could cause
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false positives on the dark end of the pixel threshold, and unevenness in background illu-
mination would occasionally cause the substrate to appear brighter than some small-area
prints. These errors would also trigger exclusion from the database.

More insidious were minor size errors that accumulated due to the manual adjustments in
image processing settings that were needed to correctly threshold and bound certain prints.
Even for a well-defined pattern, the edges of features are not perfectly sharp. Increasing and
decreasing threshold values would necessarily cause measured print boundaries to become
slightly larger and softer. Likewise, for dot prints approaching pixel size, it was common
for one or more legitimate prints to be excluded from analysis to filter out debris or other
false positives in the image patch. The "max_width” measure for these experiments will
be accurate, but many of the other ”ytype” return types will not be. For future projects

reliant on area, print length, etc., a re-parse of the dataset would be advisable.
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Appendix H

INTRODUCTION TO SUPERVISED MACHINE LEARNING

The terms artificial intelligence (AI) and machine learning (ML) are often used synony-
mously, but in truth they are distinct concepts. Al denotes any artificial agent that acts to
maximize a goal or reward within a system. ML can be considered a sub-type of AI where
action is performed on data, typically with the goal of making predictions about the system.
A “model” in this context would be an agent built in software to perform either Al or ML,
and “data” is a set of numerical observations drawn from the system of interest. Neural
networks (NN) are a popular modern implementation of ML models — they are multi-layer
software models that incorporate alternating linear and non-linear operations, utilizing from
tens to billions of parameters that can be tuned to reproduce training data. However, nu-
merous effective ML model types exist, including decision trees, neighbor models, and linear
regression. In this analysis, suffice to say that these models range from relatively simple to

extremely complex, with complexity measured roughly in the number of free parameters.

“Supervised” ML is the practice of training an ML model on tabular data that includes
some known “correct answers”. The reward function in supervised ML is a measure of
prediction error that between model outputs and these known answers which the model
seeks to minimize. The inputs “X” should be the columns of a dataset that are readily
available at deployment time, and the outputs “Y” should be quantities that need to be
predicted at deployment. For the EHD problem, X is composed of numerical parameters
that define input waveforms, which are the control input interface during an EHD print
run. Outputs Y are some measurement, area or width for instance, or the printed features.
These measurements are the property that we ultimately want to control, so they are the

prediction target when training ML models.

The overarching goal for EHD control is an Al problem: what inputs should the con-

trol agent provide to the printer to produce the goal, an on-demand printed feature of a
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precise size? The action interface in this system is the waveform voltage delivered to the
printer tip. If a successful supervised ML model can be trained on the Y = f(X) interface
described above, it will become possible to implement a model-based control solution to
the AT problem. Given a successful predictor f that accurately outputs feature size y given

waveform x, and a target feature size of yx*:

X < possible input waveforms
Y' + f(X) > Y’ are the predicted feature size outcomes.
i< argminY' — yx

do Xl

The key to this control approach is the creation of an accurate model f. Meaningful
trends in the EHD system can be framed as both classification and regression problems, so
we will need metrics by which to evaluate the success of prospective models f. It will also
be useful to define a naive baseline ML, model, which can be used as a reference signal when
attempting to judge results from more complex models. The ”MLE” model, or maximum
likelihood estimator, will serve this purpose. MLE always gives the same answer, regardless
of input z. For a classification task, the MLE will guess the class that it has seen most often
in the training data. For regression task, MLE will guess the mean of the answers from the
training data.

Classification models seek to cluster query data into two or more classes. EHD control
tasks such as predicting if a given waveform input will cause ink to jet or the nozzle to
clog are classification problems. A common method of evaluating classification models,
illustrated in [B], is known as the receiver operator characteristic (ROC) curve.
This is calculated by sweeping the decision boundary of a classifier model from minimum
(everything is True) to maximum (everything is False) extremes. The balance of a model’s
false positives and false negatives over the course of that sweep draw the ROC curve. As a
model approaches perfect separation of two classes, the area under the ROC curve (AUC)
approaches 1.0; a model that flips a coin to choose between two classes will receive an AUC-

ROC score of 0.5 in expectation. The classification MLE is insensitive to the ROC sweep
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because it always gives the same answer, and should always receive an AUC-ROC of 0.5.

Another standard evaluation of classification performance is the F1 score, defined as

precision * recall

F1=2 % —
precision + recall

This is the geometric mean of precision (fraction of T'rue answers correctly classified) and
recall (fraction of True predictions correctly classified). It is a good measure of a model’s
ability to correctly and fully identify a class (the True half of a True/False dataset).
Because EHD datasets will typically skew towards printing rather than not printing if
the experimenter is paying attention, a classifier MLE will always guess True and so will
always achieve a 100% recall. This means that the MLE F1 score will be determined by the
proportion of T'rue answers in the dataset, and it will skew towards optimism.

When printing with an EHD, a waveform that does not jet represents a significant
failure mode - where a feature was intended, no pattern was produced! So jet prediction is
practically useful; we will attempt to achieve AUC and F1 measures of at least 0.9 on the
jet prediction task.

In contrast to classification, regression models seek to predict a numerical quantity with
precision. Many possible measures of error are in common use, including mean absolute
error (MAE), mean square error (MSE), mean square log error (MSLE), and mean absolute
percent error (MAPE). MSE, defined as M SE = % Zf\il (f(zi) —@i)z where ¢; is the correct
answer for input x;, is the primary cost function for most of the regression model training in
this study. However, MAE will be the first primary metric for evaluating models. MAE is
defined as MAFE = % Zf;l abs ( fla) — gj@) It is more easily interpreted in real-world units
than MSE for this application. For instance, if a model predicting feature width measured
in um achieves an MAE of 12, that means it missed its size predictions by, on average, 12
.

Correlation constants are another useful way to characterize the relationship between
true and predicted answers that are decoupled from the dimensionality of the task data.
Pearson’s correlation coefficient r measures the linear correlation between predicted values

and true values of a model. It is equal to the normalized covariance of the two variables
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and will always be between -1 and 1, with » = 0 indicating no correlation between the two
and r = 1 indicating perfect correlation. (It is worth noting that » = 1 does not indicate
that the model is always right! Biased models, for instance f(x) = 2¢ or f(x) = 5+ 10, will
nonetheless be perfectly correlated.)

A regression MLE will always guess the mean of the training data. This means that if
a test set is not biased relative to the training set, the MAE of the MLE model will be the
mean absolute deviation of the test set in expectation. Because it always guesses the same
value, the output of the MLE can have no correlation with any dataset: its r will always
be 0.

Without knowing how much noise was baked into the evaluating dataset, it was difficult
to choose a target MAE ahead of time. A bare minimum baseline could be to shoot for
MAE < 10um, or to predict within 4 pixels in the ex-situ microscope images. An MAE
= 5um, or within 2 pixels, would likely start to approach the scale of measurement error
within the dataset. We definitely wanted to see r > 0.85 in a highly performant regression

model.

H.1 Bias vs Variance Tradeoff

A central problem in machine learning is the trade-off between “underfit” biased models,
where the model is insufficiently powerful to capture an underlying trend in data, and
“overfit” high-variance models, where the model is overpowered with respect to the data
and essentially memorizes the training dataset, losing the forest for the trees. This balance
is illustrated in [C] — a central challenge of ML engineering is to choose a level of
model complexity that optimizes the balance between these two effects. This is sometimes
called the double descent problem because increasing and decreasing the model size from
this optimum point will both hurt performance. Improvements may be made to a biased
model by deploying a more descriptive architecture, i.e. by adding free parameters. A
high-variance model might benefit from simplifying the model architecture by removing
parameters or by adding more training data.

”More data” could be the mantra of contemporary machine learning. Big data is domi-

nant in 2023, and it seems unlikely to change any time soon. Recent triumphs in ML and
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Figure H.1: Illustrations of ML concepts: [A and B] the ROC curve illustrates a model’s
ability to separate two classes of data.[110] [C] correlation values measure the agreement
between model and true values of data points in a regression task. [D] Underfit models
fail to capture trends in data, while overfit models hew too closely to training points.
Credit:https://medium. com/greyatom/ [E| A generalized view of model performance as
the number of available training data points increases. More complex (i.e., having more
free trainable parameters) may achieve better performance but require a larger supporting

dataset to do so.


https://medium.com/greyatom/
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AT have hinged on massive data sets, from beating human players at the game of go [131] to
folding proteins, [68] generating images,[133] and reproducing natural written language.[102]
What these models have in common is access to truly massive supporting datasets, either
by generating those datasets in-silico as in self-play reinforcement learning or by taking
advantage of humanity-scale collections of protein data, pictures, or text.

Creating data on this scale is not always practical. Even when practical, it may not
always be advantageous. For example, in a manufacturing setting, even if it is possible
to accumulate a thousand calibration data samples to train a model before launching a
process, the cost in time and materials to run those calibration points will offset any gains
in downstream yield that the model might enable. (One thousand samples is both very

*small* in ML terms and untenably large in manufacturing terms.)
H.2 Few-Shot and Transfer Learning

It would be nice to use data points from past experiments to train models for the future,
but that way lies challenges. Simply combining multiple experiments into a single dataset
neglects the hidden process variables such as ink, tip, substrate, and environmental condi-
tions that vary from run to run. (For the EHD dataset, we will soon see that these per-run
dice rolls can be an almost overwhelming source of variation.) A method is needed to take
advantage of many disparate datasets to train models powerful enough to capture the dy-
namics of the EHD while also allowing for rapid calibration at test time with the smallest
possible set of new data points. The ML discipline that describes methods for training
models with a minimum amount of supporting data is known as few-shot learning.
Few-shot learning focuses on training models with small datasets, and often employs
some form of “transfer”, where knowledge is imported from larger, pre-trained models. The
concept is illustrated in There are a plethora of approaches and strategies to
implement transfer learning. Some focus on feature manipulations, modifying or transform-
ing the input representations in a problem to efficient or descriptive vector space. The
vector space could be found by pre-training networks on other similar problems, or by em-
ploying unsupervised methods to de-noise or cluster inputs. Some methods may transplant

entire pre-trained networks or selected layers of pre-trained networks into a new problem,
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performing re-training of some portion of the network’s learned weights and biases.[163], 21]

Dataset 1 e d Model 1

Knoxlledge

—> Model 2

Figure H.2: A schematic view of
transfer learning. Knowledge from
model 1, trained on a large dataset,
is transferred to model 2, increasing
performance on a task with a smaller

supporting dataset.

Starting an ML training loop with a pre-trained
network - also called a ”warm start” - does not ab-
solve the practitioner of the need to balance bias and
variance. In fact it can make the problem harder by
requiring two different solutions to the double descent
problem: once in pre-training with a large supporting
dataset, then again after the warm start with a pre-
sumably smaller dataset. The challenge only grows
as this second dataset shrinks: from few-shot learn-
ing with small data, to one-shot learning with only a
single new example, to the platonic ideal of zero-shot
learning, where an old model performs a new task

with no retraining at all.
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