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Abstract

Inkjet printing isan active domaiwnf additive manufacturing and printed electronics due
to its promisingfeaturesstating fromlow-cost, scalability, norwontact printing, and microscale
on-demandpatterncustomization Up until now mainstreanresearcthasbeenmaking headway
in thedevelopmenof ink materialandprinting processptimizationthrough traditional methods
with almost no workconcentratedn machine learning and visiemased drop behavior prediction,
pattern generation, and leamcement.In this work, we firstcarry out a systematic piezoelectric
drop on demand inkjet drop generation and characterization study to structure our dataset, which
is later used to develop a dréprmulation prediction module for diverse materidi4achine
learning enables us to predict the drop speed and radius for particular material and printe electric
signal configuration. We verify our prediction results wititested graphene oxide ink

Thereafter we study automatedpatterngeneration and evadtion algorithms for inkjet
printing via computer vision schema feeveralshapes, scaleandfinalize the best sequencing
method in terms of comparative pattern quality, along with the undertgingesin a nutshell,
we develop and validate an autontaesion methodology to optimize any givewo-dimensional
patternsWe show thatraditionalraster printing is inferior to other promising methods such as
contour printing, segmented matrix printindgepending on the shape and dimension of the
designed pttern. Ourproposé vision-based printing algorithm eliminates manual printing
configuration workload and is intelligent enough to decide on which segment of the pattern should
be printed in which order and sequence. Besides, process defect monitoritrygcaimy has
shown promising results equivalent to manual short circuit, open circuit, and sheet resistance
testing for deciding over pattern acceptance or rejection with reduced device tiestingrop
behavior forecast, automatic pattern optimizatiang defect quantization compared with the
designed imagallow dynamicadapationof anymaterials propertiesith regards to any substrate
and sophisticated desigrs established herwith varying material properties; complex design

features such as cars, edges, and miniature scale can be achieved.
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1. Chapter 1: Introduction

1.1.Overview and Research Objectives

In this thesis we focuseed on studyingnachine learnindgpased inkjetdrop formulation
prediction,automated pattern sequence generatma evaluationWe break down the inkjet
printing optimizatian problem into three parts: 1. developing a leantiaged pipeline to predict
jettable ink drop forrationfrom the machine and material parameters, 2. geneiafirigt pattern
sequence with visicbased algorithms and pring the optimized pattern, 8valuating the printed
pattern and quantizing defects in terms of graph and segmentation based region of interest
determination againghe ground truth design through vision processing. Once the prediction
region is defined for ink and printer signal peoly set, an automated printing assembly line can
be set up for industrial inkjet manufacturing with the vision pattern generation and evaluation
pipeline. Defect quantity is an essential property of any ieted pattern. With the defect
threshold kowledge beforehand, the whole printing optimization process can be computerized,
repetitive, and becomes less tiammaterial consuming.

Inkjet printing generates dropletd circuit material with a piezelectrically actuated
dispenser controlled thugh frequency, voltage pulse, and timing parameters. A significant
challenge is the rapid optimization of stable jetting conditions while preventing common problems
(no ejection, perturbation, satellite drop, multiple drops, drop breaking, nozzle clogtins)
work aims to replace the material consuming trial and error experiments with an intelligent ML
algorithm to forecast the jetting window based on machine and material properties. There is a small
window of the combination of material and signal valudere there is stable jetting with optimal
drop velocity and volume. Drop quality defines the next step of manufacturing. If the drops are
breaking or jetting with satellites, then the lines or patterns formed with it will have irregular
shapes. Here, apes can be the length, width, or thickness. For example, if the materials in a
transistor are not jetting well, the gate length, width, and thickness can vary, so the transistor
behavior may not beepeatablend sometimes can be damaged. With precisagethe formed
layers and patterns follow exact design dimensions permitting less defective industrial production.
Machine learning can forecast the drop ejection behavior with known material properties. A
successful predictiomodelbuilt ondataset casisting of allessential printindeatures can reduce

the setup time and effort as well as manufacturing defects. For previously untested inks-learning



based printing can easily identify the act.i
optimum material properties to achieve the desired drop volume and velocity. There is an absence
of learning based studies on printing and material attributes during inkjet printing processes at the
micron scale. Forecasting the jetting conditions will stsgi bulk electronics manufacturing
through the decisive materiand electrical signal selection, optimizing the drop speed,
experimental time, and the process.

The second part ohis studydemonstratethat sequencing the placement and order of
droplets in contrast to the standard rastan approach delivers optimum electronics printing
outcome. The generation and evaluation of the printing sequanetrned into a computer
vision problem by takinghe desired printed pattern as an input image and converting it into a
printing sequence using contour, symmetric, matrix sequencing, and corner compensation with the
precise details. After printing, pattern defeatg detected by automated image progesdo
evaluate it against the designed ground truth image and to distinguish the best possible algorithm
for the printing sequence generation. On the whole, a visased experimental approaish
established to provide better solutions for solving thetipg and defect optimization problem
with regardto precision, recall, and accuracy. M&on-based patterning results gustified with

sheet resistance and surface topology results.

1.2.Background and Literature Review

1.2.1.Additive Manufacturing

Additive manufacturing(AM) is a promising technology fodigital fabrication of
electronic devicesAM offerson demandlexibility, high-throughput less material consumption
and efficiency to largearea,shorter lead timedow-cost electronics manufacing operations
This technology is a prospective competitor of traditional subtractive semiconductor processing.
AM is an active domaiaf exploration, optimizatioof complexdesigngeometriesvith a view to
depositing material in precise geometrghapes. Diverseelectronics materials from
semiconductors to conductors and insulators including polymer, nanoparticles, metal, organic and
bio-materialscan be rapidlyprototyped andhigh-quality electronic devices and systems are
digitally manufacturedwith unique shapes&nd multifunctionral compositions[1]. Artificial

intelligence and machine learningniovationshave started to enter the AM field poedictthe
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print outcome ofany materialensuring the best possible qualig}. Al driven AM production
inline can automate th@inting production linesvithout any human supésion. This exploration
of the status and prospects for improvement of our AM study is targetedtatial jetting
technolog, one out of seventypes defined in the Standard F2792 produced by the American
Society for esting and Materials (ASTMJB]. Binder jetting is a 3D printing technology that
recoats the powder material layer by layer then prints liquid on top that bind the material. Direct
energy deposibn melts metal powder with a focused energy source and the feeding nozzle
continuously adds the materi al on the buildin
with its high setup cost. Extrusion is one of the simplest 3D printing procsaeits the material
filament in the printer head during dispensing. Among the seven different types, fourth process
type- jetting is one of the most promising one due its low cost, customization and on demand
printing. Drop on Demand (DOD) process optation is the main focus of our study. In case of
powder bed, the thickness of layer is controlled by the amount of powder spreading, material and
process condition. Sheet lamination has the least AM resolution, although it is faster and comes
with low cog. Printed 3D material also requires quite amount of post processing. Vat
photopolymerization is comparatively expensive and only support limited number ofrpkoto
material. Yet, it provides higher printing accuracy with lower material wastde 1-1compares
these seven different types of AM.
Table1-1: Comparison of various additive manufacturing processes.
Process Type  Process Name Process Description
1 Binder jetting In this process, iquid bonding agent is selective
deposited to join powder materig4g.
2 Directed energy This method usesotused thermal energgnd fuses
deposition materials Focusedaser, electron beam, or plasma are
usedto melt thedeposiion materialg5].
3 Extrusion During the extrusion procedurematerial is carefully
dispensed through a nozzle or orifgg7].e.g.
FDM(Fused Deposition Modeling)
4 Jetting In the jetting process droplets of build material ar
selectively deposite[8][9].e.g. DOD printing



5 PowderBedFusion Throughout the processaterialplaced orpowderbedis
selectively heated. While melted,powder layer is

immediately spread ovand they are fused togetH&0].

6 SheetLamination Deposition materialreeets are bondetgetherto form a
part[11].
7 Vat Liquid photopolymerresinin a vat (tank) is selectively

Photopolymerization cured byultraviolet (UV) light and the hardened res

forms the object without arstructural suppoijtl2].

1.2.2.Comparative Study of Printed Electronics and Appications

Printed electronics is an emerging manufacturing technology complementary to traditional
silicon electronics due to its advantageous properties such dsrgverature processing, absence
of vacuum processes, compatibility with numerous cheap, flexibtratds, and largecale rolt
to-roll process ability. Multilayeregbrinting provides exciting possibilities fahe on-demand
fabrication of passive electronics such as inductors, capacitors, and rdai3}d4]. Low-cost
radio frequency antennas for consumer package tracking RFID tags are industrially manufactured
through pmting contacs, interconnectsactive, and passive components on flexible substrates
with conductive inkgl5][16][17]. The LCD industry has started adopting printed activatrix
color filter layerq18]. Hybrid printedstructure improves surface irregularity and intrinsic pinhole
through an absorbing polymer buffer layer deposition following with ifijetting on the top. It
leads to cheap, larggea,and multicolor OLED productiofl9]. There have been several
demonstrations of printed transistors avoiding cecaptdtraditional fabrication stepsuch as
sputtering[20][22][22]. Figure 1-1 illustrates some exciting applications developed through
printed electronics.



f) Printed Wearable

a) Nanotube TFT
e) Printed RFID Tag

7
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Figure 1-1: Some largearea applications that can benefit from the adye#aof printed
electronics. (a) Carbon nanotube traistors lead to inexpensive, fible electronics
(www.phys.org/news (b) 5 inch plastic OLED Flexible display for consumer electronics
(www.inhabitat.com).(c) Flexible cell phong(www.theverge.com (d) Large scke flexible
printed organic solar cellWww.heli-on.infinitypv.com) (e) Screesprinted RFID antenna and
plastic IC tag Wwww.rfid-wiot-tomorrow.con). (f) Breathable, wearable edtronics on skin for

long term healtimonitoring (vww.europeanpharmaceuticalreview.gom

The interest is growing towards digital printing (inkjet printing, extrusion printing, 3D
printing), which is easier to configure through digital input files without any predefined mask or
structure requirement. Digital printing techniques are more flexdht can be readily adapted to
any required customization. Digital printing also enabled@mand production along with online
or offline rapid pattern testin@4]. Other than therganic inorganic ink material(nanoparticles,
nanowires, nanotubes, etwith improvedelectrical propertiebas made printed electronics more
viable in the industryHowever, digitally printed pattern quality needs to be measuriearrs of
morphology (uniformity, bulging, scalloping, beads, and holes), {ykyer registration, and so
on. Various ink materials, including organic semiconductors, dielectrics, and conductive inks

selection forthe active or passive deviceequires extensive printing and material parameter
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configuration. These printing configurations, printed design improvement, and defect
identification can be resolved to employ machine learning and computer Vie®evelopment
of newer materialsmight augment the electronfabrication industryin the form ofreadily
printable inks.

Depending on the ink type, the printing conditions need to be changed signifidaueatly.
inks have their own electrical and material properties for different apphsahigh mass loading
or concentration, variation in particle size, viscosity, density, surface tension, and acoustic wave
speed. All these variant properties affect the jettingta@dlesign patterning. Tipeinter is diven
by an electrical waveformwhich has timing, voltageand frequency parametersSeveral
theoretical and practical studieave been explored befaraderstanding the jetting windd&5s]-
[28]. These windows are often expressed in terms ofdnmensional fluid mechanical numbers
such as ZAumber, Weber number (We), capillary number (Ca), Ohnsorge nuf@gr or
Reynolds number (Reand are not very accuradefined byequation(1)-(3)(4).

Reynolds number, Re= 1)
Weber number, Wes= 2
Capillary number, Ca= 3
Z= 4

1.2.3.Inkjet Deposition of Functional Materials

Inkjet patterning is a state of detchnology for depositing functional materials on desired
substrates. With its easy to load and print micro pattern from the digital configuration file, low
temperature, low material waste and hggeed characteristics; it is a promising alternative for
complex microlithography processes. This contactless drop by drop digital fabrication is
challenging due to its large parameter configuration range and difficulty locating the optimum
operation region. A number of research works have reported theoreticsinaulation results on
how the intrinsic characteristics of functional materials led to significant changes in the print

configuration and printed pattern morphology. Consequently, taking it as our motivation, we
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explored material and machine parametéeat$ on the printing process as well as how these
finally manipulate electronics design and fabrication. We first explore inkjet printing technologies
and their current applications before examining the-dateen context driving the forecasting of

the nkjet printing process.

Inkjet can be classified by two major methods of drop formation and placement: continuous
inkjet printing (CIJ) and drop on demand DOD (thermal inkjet printing (TI1J), piezoelectric
printing). These processesirpassother notabledrop generation technologies: electrospray
printing, valvejetting [29] in terms of cost, process control, complexity and timing. In Cjét a
emerges from the nale, which breaks ito astream of dropletsas shown irFigure1-2(a). CIJ
jets a continuous stream of electrostatically charged ink droplets into a gutter. The gutter, in other
words, the catcher, returns the extra ink drops into thesuiply[30][33]. There are two field
plates that deflect the stream momentarily and direct the drop sequence onto the substrate. This
printing method utilizes a small proportion of the generated droplets, and the rest is recycled
through the ink system. F@reseving the correct viscosityhroughout the cycle, the ink is
suspended in a volatile organic solveased thinner. ClJ arrangements are relatively complex
and composed of ink pumps, pressure regulators, filters, and sensitive print heads. It requires high
maintenance, dedicated factory operators. There is no downtiroatinuous printing

C1J's main competitors are DOD Thermal inkjet (T1J) and D@2qelectricdnkjet (P1J)
systemsThey are displayed iRigure1-2(b-c). Theextentof ink lossthroughout the Clprinting
process is a significant disadvantage that concerns most Askystationof the DOD inkjet
processsorts out this issuén a DCD inkjet scheme, the printer head, termed as the nozzle, ejects
material droplets undeomputer controf30][33]. The ejected drop falls under gravity until it hits
the printing substrate. Then, surface tension drives the droplet spreadirgjveemdvgithin drop
vaporizes. Finally, pattern is developed through the overlying droplets.
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Figurel-2: Schematic oConventionalnkjet printer setup(a) Continuousnkjet printer (C1J),
(b) Thermal inkjet printer (T1J), (c) Piezoelectric inkjet printer (PI1J)

DOD is costeffective for small to medium production setup and can be configured for
intermittent production run®ifferent technologies generate droplets; the two main oadstlare
thermal bubble jet and piezoelectric [j80][32]. In TI1J or bubble jetdisplayed inFigure 1-2(b),
the current drive heats up a thpglysilicon resistive heater surroundingettink material T1J
nozzle isdisposablecheapethan piezoelectric crystal nozzId4J is integrated with &ontroller
integratedthat injects current to heat and evaporate ink material. Generated vapor stresses ink
droplet out of the nozzle within a short time. The heater is then turned off momentarily to let the
void space get filled with ink from the reservoir. Although TI1J caoferated with twahirds of
a CIJ's cost per 1000 print35], the ink delivery system needslie changed witink material.

Again, the nozzle needs to be frequently changed whenever leftover ink material piles up on the
heater stface. Besides, the delicate ink materials susceptible to temperature change (e.qg.,

nanoparticlebasedc an 6t be printed with TIJ.



P1J, asshown inFigure 1-2 (c) [30][33][36], is the most populankjet printing system.
Typical PI1J dispensingincludesa DOD operation witha gezo-electrically actuated dispenser
micro-dispenser, LED strobe, ink reservoir, drive electronics compon&hts.dispensers
controlled through voltage pulse, frequency, and timing parameters to convey the necessary
droplet generation energy. These paeters have noticeable consequences on printing
consistency. A minimum reservoir pressure for purging solution through the nozzle is also
imperative. The other parts, likeeobservation camera, video monitor, mechanical mountiag
not impacttable drplet generatiorPlJdoesn't applathermal load to organic inkssthethermal
bubble inkjet techniqueRiezoelectric platdriggers in the microsecond range, and this feature
makesPlJfaster than the thermal bubble tydJ, TIJ DOD printing resolutia islimited bythe
nozzle make diameter. Usually, make size is bet#8ek?0um. Higherfeatureresolutionscome
with a smaller nozzle diameter and face the challenge of frequent nozzle clddgmegver as
the diameter gets smaller, drop jetting, suing, printinggets unpredictabld he expeditionfor
reaching higher resolutionsprinting speedsand greateaccuracyhasled to learningdriven
automated inkjet printing methods.

Various inks are used f@rinting conductor, insulator, or semicondoiclayers. The inks
have different electrical and material properties dtrer applications: high mass loading or
concentration, variation in particle size, viscosity, density, surface tension, acoustic wave speed.
All of these ink properties affect the jetting and the pattern formation on the substrate. There exist
a small window 6 material and signal (e.g., jetting voltage, frequency, or timing) parameter
combinations where there is stable jetting with optimal drop velocity and volume. Outside of this
window, either there is no ejection from the nozzle or the jetting is unstataléhe drop breaks
up into multipledroplets or satellited=or multiple droplet cases, the biggest one is referred to as
the primary drop, and the other one is termed as the secondary drop. Drop quality is critical for
successful manufacturing using iakprinting. If the drops break or jet with satellites, the printed
lines or circuit patterns will have irregular shapes and defects. This can adverselyhaffect
performance, yield, and variability of printed devices such as transistors. Thereforejsmeted
to be developed to achieve precise jettimgthis casethe print head usghe deformation of a
piezoelectric ceramic element. Piezoelectric print heads can haoialar range of liquids than
thermal print headwith relativelysmaller drops i z e . It al so doesystett r equ

Variousdrop diameters are achievable in DOD prinisigirting from tens gfim to hundreds of
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pm. DOD inkjet printingis illustrated inFigurel-2 (c). It allows patterns to be stomized orthe-
fly in the form of dropletdetacled from the nozzle under surface tension. I&jeetion conditions
are not optimizedin most of thecasesthe jet is unstablddence,the drop breaks up or gets
accompanied by one smaller satellitelrops.We have discussed different jetting phenomena and
howto realize a stable jetting scenario in chapter 2 with a machine learning approach.

Quite a few theoretical and experimental studies have explored the underlying physics and
experimental conditions for droplet generation and jetting feature character[3&fid®]. Hoath
et al. estimated drop speeds from a range of industriataral@mand (DOD) inkjet print heag
namelyXaar, Spectra Dimatix@nd MicroFabthrough simple theoretical models with numerical
simulations[38]. They concluded that drop speed depends on fluid properties, nozzle exit
diameter, and printer volje magnitudeAll fluid types, either Newtonian, weakly elastic, or
highly sheatthinning demonstrate linear speed rise with voltage above a threshold. By dint of
modeling and numerical simulations of fluids with varying fluid propersasface tensigrand
viscosity, they reported @it the final drop speed is a function of voltage, the threshold voltage (a
function of viscosity)nozzle tip area. They maintainednstat frequency, rise time, fall time,
dwell time throughout the investigation. Nallanaétexplored fluid rheological paramet¢g9].
They found a jetting region withCapillary, Weber number derived from their optimal jetting
conditions experiments fananoparticle loaded ink design. However, this study didn't include
effects from printer electrical parameters on the window. Liu éahdthat droplet formation is
impactedby fluid properties such as viscosity atie driving waveform parametef40]. The
group moved further with an experimental inkjet behavior study highlighting a parameter space
confined by Z, Weber number, and extracted thresholds from that space to specify the lower onset
of drop ejection, besides the upper bound signifying gateliop formatiorf41]. The Lai team
conducted another researcérried out computational fluid dynamics to inspect droplet ejection
physical phenomena and compaegg@erimental results with numerical simulatiolsletermined
how nozzle channel curvature affects drop velocity, volume, andutmberof satellite drops.
Besidesthey demonstrated that nozzle diameter, voltage amplitude, or frequency increment lead
tovolume rise accompanied by a drop in velopi3]. Reis et al. experimented with a piezoelectric
inkjet printer to explore the drop volume and velocity as a funadiovoltage, frequency, and
summarized drop volume as a functiontbé Ohnesorge number of the orifi¢d3]. Yang

eliminated satellite droplets via designing nogzhth supetink-phobicity, ultralow adhesioto
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enhancdrayleigh filament instability along with speeding up drop pintitfrom the nozzlg44].
Another remarkablesork from the Wu group inspected the droplet formulation in terms of volume
and velocity resulting from monopolar drive voltage, frequency, timing, and compared the results
with the acoustic wave propagation theory. They mentioned difwad velocity and viome
accelerate with the rise in voltaf@#b]. Alternatively, He et al. defined a binary fluid model for
inkjet printing with a timedependent actuation and reprodiiceingle droplet ejection to
investigate droplet formation in piezoelectric inkjet printid®]. They determined théatigh
nozzlewettability orlow contact angle, low surface tension augment drop quality, and lessen drop
speedThe stable jetting window is typically bounded by straight lines defined irdimansional
guantitiesCa, We, Z, Oh There are several challenges with this approachseTllgndow
boundaris are not very accurate, and different studies in the literature expgetting windows

with somewhat different numerical values. Timght bebecauselifferent reports study different
printable materials that may behave differently. Another difficulty is that most of these non
dimensional numbers, except Oh and Z, contain a velocity term. This is no problem when results
are analyzed after performingiqing experiments. However, for new ink, the drop velocity is
generally not known a priori and needs to be determined experimentally. Hersemandor a
techniqudor predicing jet ability, drop velocity, drop volume, and optimairger parameterfor

new ink.

1.3.Machine Learning in the Field of Printed Electronics

Machine learning (ML) prograscomputers to optimize performance based on available
data or past experience for predicBar to gain knowledg¢47]. In the learning process, the
parameters, cost function of the defined model are optimized using training data and then tested
on unseen data. The dataven ML combines fundamentabecepts of computer science with
statistics, probability and optimization. Some examples of interpretable machine learning
applications are classification, regression, ranking, and dimensionality reduction or manifold
learning[48]. This new era of learningrivenproblem solving can assistectronics engineers
designauomation, evaluation angl/nchroniationwith the industrial production envinoent for
the best possible circuit integration and customizatidh.and computer vision approacatan
simplify and industrializedyer by layeron-demandcompkex, electronicgrinting systenstarting
from devices to sensorBIL will help designerslayout engineergn device customization, and

material selectiowill be readily aligned with the design requirement without retoolrgvided
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that electronic materialsinsulating dielectric, semiconductor, and conductae predictable
concerning infet printing forecasihg will enablealternate use of new cheap novel materials with
reduceddesign leadtime, and costurthermore, itvill be possible to find and substitute materials
with similar properties with the insights from learned models gretade printing machinery
within its working zone without going for manual tuning. This paradigm ofWLbring out new
expansion in the electronics manufacturing industry. Besitislifying themanufacturing, this

will drive exceptional feedback tweeen printing equipment, and generated machine data and
captured imagesan beused to improve the built model performance and give meaningful insights
regarding the input features, predicted output. Eventually, it will get to the positelaatfical
engineers' most useful todh determining and maximizing printing productivity, defects

prevention, and anticipating material and machine operating region.

1.3.1.Machine Learning Definitions

Some standard definitions of machine learning used throughoutvoik have been
described here. After data preprocessing, train test data has been selected through random
sampling. Then ML data models are trained with optimized parameters selected through the grid
search algorithm. Based on target data, the ML moulals’' and test performance are evaluated
through the root mean square error (RMSE), accuracy, precision, recatipfel and confusion
matrix.
1.3.1.1.Train and Test Data-Set

Before applying the data model, the whole dataset needs to be segregated ingpamnainin
testing data. For training purposes, most of the data is used, leaving a smaller proportion for testing.
80:20 ratio of train and test data has been used throughout the project. Through training data, ML
data models are fitted to their optimized paesers. ML algorithms map the function given by
equation(5) and(6).

Y = f (X)+Error(Model) )
Error(Model)=Variance(Model) + Bias(Model) + Variance(Irreducible Erro (6)

Here, X isobservatiorfeature inputgusually column with headers), and Y is the target
output vector (column going to be predicted). And the error of the model is the summation of bias,
variance, andrreducibleerror dgendent on variancén this study, several output vectors (the

drop velocity, drop radiysand jetting category) are used for different modatad f (X) is the
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decision tree, random forest, boosting, neural network, and weighted averaging models. Testing
data is separatdrom the training datasgndthis data does not alter the model training. Instead

it is used to evaluate the performance of the trained model. While trying to predict any kind of
output using a model, there is a potential Masane tradeoff issue while ensuring how much

the model learns from training data. If it learns too much, the model is overditigtthe training
accuracy is way higher than the testing accuracy. This situation has a very high yasance
described irFigure1-3(a). On the other hand, if the model learns too little, it would fzlvigh

bias and the training data would be undiged, as showrigure1-3(b).
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As an effective way to control how much our model ledrom the data, data was split
into training and testing s&tio evaluate and ensure that it performs well on different elements. As
another way of biagariancetradeoff Figure 1-3(c), we carried at crossvalidation during
training and evaluatd model performance. We also performed random data shuffling bikre

train test split to avoid high biandvariance.

1.3.1.2.K-Fold CrossValidation

K-Fold crossvalidation helps tcavoid overfitting and underfitting and yields better
model The total sample spacediwided into k approximately equal sets. iggwy the first fold as
a validation setheremaining (k1) folds train the data modeThe training and testingrocedure
is repeated k times$nstead of using the’'fold every time, a differerdbservatiorsetis treated as
a validation setand accuracy is calculateds a result, we get k test performance evaluation
metrics, and final alidationaccuracys computed by averaging thgperformancs. 10-fold cross
validation has been implemented for each of our ML nedébdel parametersna evaluation
metrics are calculated on the haldt validation dataset to ang the model performar [49].
The kFold crossvalidation algorithm has been shown in.

Tablel-2: Algorithm for k-Fold CrossValidationwith grid search

For each fold of the k crosalidation, repeat steps one to three:

Step OnePerform random shuffling of the whole dataset.

Step Two: Split the dataset into k almost equal groups.

Step Three: For each of the k sets, perform the steps below:
a)Hold out one group as validation data.

b)Treat the remaining {k) sets as trainindata

c)Fit the ML model on the training and evaluate it on the test data.

d)Save the performance score.

StepFourSummari ze the k model s6 averag

Step Five: For grid searching of each of the hyperparameter range, perform st
to four. Select the best hyperparameter from the range that links to the bestatrdason
score. Use the hyperparameter for retraining and testing model with 80:20 rat

concluding final score.
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Our drop modulation forecasting data has been gone thraugjlseprch CV both for
classification and regression best model parameter selection. We traideastedaegressors and
classifiers, mainlyDecision TreeT), RandomForest(RF), Gradient Boosting@B), to predict
theinkjet drop modulation phenomemolhese ML models haweveraparameters to adjust, and
there is no easy way to know which parameters work best other than trying out many different
combinations. Scikitearn provides GridSearchCV gaid searchcrossvalidationalgorithm that
exploresmany parameter settings automatid&lly. GridSearchC\s illustrated inFigure 1-4.

Each parameter set produces one model, and gt@ddormng model is selected.

Cross Validation Final Model
= eE__e_e—————— [ = = = == == == == = e e e e e e e - -1
Model
Parameters Dataset
Grid Search+ Training Testing
Cross-Validation Data Data

7

Retrained /

Best »
Parameters Model
L e e e e e e e e e - - Final
Evaluation

Figure 1-4: GridSearch mssvalidation schemaAdapted with permission from Kabian
Pedregosa, Gaél Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand Thirion, Olivier
Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, Vincent Dubourg, Jake Vanderplas,
Alexandre Passos, David Cournapeau, Matthieu Brucher, Matthieu Perrot, Edouard Duchesnay;
12(85) : 282 5.1Cagright @ IMER2DN.]Journal of Machine Learning Researc

1.3.1.3.Model Evaluation Error Metrics

Choosing the right evaluation metrics is crucial to assess the perforofaaoeML data
model. For classification models, performance is best measured through test data prediction
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accuracy. Nevertheless, precision, tedél-score, Kappa should also be studied for meaningful
performance interpretatiofb2]. Table 1-3 describes confusion matrix terms for assessing
classifier model performance.

Table1-3: Confusion matrix
PredictedO Predicted 1

Actual: 0 | True NegativéTN) | False Positivg-P)
Actual: 1 | FalseNegative(FN)| True PositivéTP)

As shown inTable1-3, True Positive (TP)Jrue Negativg TN), False PositivéFP), and
FalseNegative (FN)are the most basic terms. TP is the number of positive ttestesre correctly
predicted TN is defined as the number okgative instancethat are correctly predicted as
negative In the case of FP, the prediction label is positive, but the actual label negative. FP is
known as a Type | error. In other words, FN, Type Il error, is the count of cases where the
prediction is false, but the actual tag is true.

In the case of continusuoutput egression problemgperformance is instead evaluated
through mean square error (MSE), root means square error (RMSE), mean absolute error (MAE),
mean absolute percentage error (MAPE). Based on test datMSE assesses the quality of any
regressioralgorithm performance wittheaverage squaretistance between thestdata and the

predicted datdf . number of test prediction vectisrsampledrom N data pointsU is the test
data vector,U is output prediction vector, then withgample the MSE of the predictor is

computed with thequation(7)

. . 7
MSE=— u U )

MSE helps to distinguish between the larger and smaller errors with the drawback of squaring up
data units. Consequently, the different unit makes it difficult to justify the estimation. RMSE is the
square root of MSE shown by equati@). This metric solves the problem of sgedentities.
RMSE=I- 3 % C)
MAE is themost straightforwardegression error metric to understattdmeasures the
average of the absolute model prediction residual given by eqyf}iohbsolute residual value
ensureghat negative and positivealuesdo not cancel out. e averge describes th@verage

magnitude of the residualdowever, it fails to punish large errors in prediction, as each residual
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contributes proportionally to the total amount of error, whether it is larger or smaller. A small
MAE suggests that the model is great at prediction, while a large MAE suggests that model may

have trouble predicting. An MAE of 0 means that the model is a perfetityaeof the outputs.

MAE= — sU Us ©

Though MAE is easily interpretable, using the residual's absolute value is often not
desirable while treating outliers or extreme data points. In such cases, squaredSueirias
RMSE can focus more on the outliers or restrain them. MégRifnateshe percentagequivalent
of MAE. Equation(10) looks just likeequation(9) butwith adjustments to convert everything into
percentages.

1
MAPE= P s (10

However, MAE should be used more than MAPE for all of its advantages due to its
inclinationto predict outputs lower than the real oMRAPE fails to deal with the cases where the
real data is 0. Also, the MAPE value rises surprisingly if the actual data is minimal. If we are sure

that the dataset doesndét contain any zero val

1.3.2.Data Processing

Drawing insights from data through ML has always been crititas ubiquitous not to
reach the required research consequences after undergoing a lot of data training and applying the
algorithm. Keeping in mind improper data processamgl weak model selection as the major
points of failure, we exerted most importance atadcollection, preprocessing, and then vigorous
ML model exploration. Data is thfeundation of any MLalgorithmandmust be supplied in the
form that the algorithm understands. The main function of ML algorithms is to unlock the
concealed information/kmdedge available in the data. The algorithms \pibvide incorrect,
bogus insights if the data is available in a form not comprehended by the algorithm. Preprocessing
the data includes bottata engineering arféature engineering. Data engineering isghecess
of transforming raw data intan ML model appropriate fornfreature engineering then tunes the
prepared data to create the features expected by the ML nredélire processinig difficult,
time-consuming, requiresxpert knowledgeWe explored dta along with features befogeing
out for ML model deployment. Literature raw data was in the forratable, graphand image
and converted intac o mmon CSV source form for adopting |
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Needs we considered ML situated the uppermost point throughout implementa{iof]. The
former necessary steps are collecting, cleaning, exploring, and transfoasiisigown irFigure
1-5.

Model Interpretation

Model Development

Exploration, Sampling

Sy

Data Engineering

Data Collection

Figure1-5: The flow of raw data to prepared d&bta deployingfeature enginearg to machine
learning Adapted from "The Al Hierarchy of Needs | Hacker Noon", Hackernoon.com, 2020.
[Online]. Available: https://hackernoon.com/thehierarchyof-needs18f111fcc007. [Accessed:
24- Aug- 2020}

After the dataset iransformed angrocessed, it is ready to be used format for ML task.
Once all thedata sourceareparsed, joined, and pirtto a tabular formthey areaggregated with
it and summarized uniquelfach row in the dataset represents a ungpraplecase, and each
column represents a distinct feature for the case. Irrelevant feature cabould be dropped,
and invalid record (null values)nust befiltered out. Preprocessing operatioreed to bearried
on the merged dataset to tune the features expected by the ntdetdata preprocessing
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operations are performethedataset is cleawith unique recordsEach input numical feature
column's qualitycan beimproved through data standardizing (scaling and normalizing), clipping
outliers, and categorical target outprgnsformatiorto numeric representation through emet
encoding. Then the training and test evaluatiataset is selected through random sampling from

input data points.

1.3.3.Machine Learning Data Models

All the ML algorithms can be categorized mainly using ouping ways, as described
in Figure1-6. One way consists of combining algorithmgh their learning style. Another is to
group by the algorithmés functional similarit
styles. With supervised learnirthe ML data model is trained and testedamged data to predict
Supervised training continues until it reaches a desired evaluation metric on the trainiag data
defined in 1.3.1.3 section Supervised problems are further divided into classification and
regression55][56]. Classification models predict a discrete set of categorical vaBiesry
classification forecastsne out of two classeand multiclass classification predicts onet of
multiple possible outcomes. In unsupervised learning, input data is not labeled and does not have
atarget eitherA model is prepared by deducinguetures present in the input data. This may be
to extract general rules. It may be through a mathematical process to systematically reduce
redundancy, or it may be to organize data by simiggitsich as clustering, dimensionality
reduction and assoaition rule learning. Sersupervised learning learns through a mixture of
labeled and unlabeled data. Rather than learning from labeled or unlabeleddatesupervised
learning agent learns about a dynamic environment by taking actions and receiositjive or
negative reward. The actions that lead to outcomes are the ones it tries to replicate. Examples are
generative models, gragfased algorithms, multiiew algorithms, selfraining[55].

Another useful but not perfect form of grouping is by means of functional similarity such
as statistical learning, tre@and perceptrothased method$55][57][58]. Regression such as
Ordinary Least Squares (OLSR), Linear, Logistic, and Stepwise Regressiapalar statistical
methods for modeling the input variable relationship using an evaluation metric. There is a
sophisticated version of regression referred to as regularization that penalizes the ML model based
on the complexity. Such examples are RidggrBssion, Least Absolute Shrinkagelection
Operator (LASSO), anétlastic Net.The nstancebased learning moddbr instance k-Nearest
Neighbor (kNN), Support Vector Machines (SVM) solve statistical decision problems by building
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up a set of trainingata and compare test data using a similarity measure to find the best match
and make a predictidb6][58]. Decision tree methogdsamely Classification and Regression Tree
(CART), ID3, C4.5, and C5.@onstruct decision tredased onraining data features until specific
evaluation criteria arenet. Cluster methods such- &sMeans, Hierarchical Clustering groups a

set of training datao that data poinis the samegroup areanalogous and constitute a cluster.
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Figurel-6: Grouping of machine learning algontis.

Similar to clustering, dimensionality reduction algorithms viz. Principal Component
Analysis (PCA), Linear Discriminant Analysis (LDA),Mi-linearDiscriminant Analysis (MDA)
mostly summarize data efficiently wifewer features.The perceptroitbased techniques cée
subdivided intoa neural network (NN) and deep neural network (DNN) architectures based on
model scale, complexityandhidden layers. They can be adoptedolve any problem, including

regression, classification, unsupervised or sampervised incqorating alarge amount of
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structured, sermstructuredtext, JSONfile, log file), unstructured (image, audio, video) dataset.
Such popular algorithms include Multilayer Perceptions (MLP), Bapagation, Stochastic
Gradient Descent, Convolutional NeuNetwork (CNN), Recurrent Neural Networks (RNNSs),
Long Shor{Term Memory Networks (LSTMs), AutBncodersThe ensemble is an effective way

of combining multiple independently trained ML prediction output and making an overall better

prediction.

1.3.3.1.Decision Tree
The Decision TredDT) algorithm belongs to the family of supervised learning algorithms
[51][55]. It has been used Chapter 2 as a regression model for drop velocity, radius prediction,
andlater forclassificationof drop categoryStarting from the root, anyodes except the leaves
representsan attribute, and each leaf nodenotesa class label or regression outplihe
constructedree has been displayed graphically, and the feature relationship with the expected
output is interpeted in Chapter 2. Dfpseudocodés represented ifiable1-4.
Table1-4: Algorithm for decision tree
1. Usethe best attribute of the dataset at the root of theusieg the @i index

2. Use recursive binary splitting thivide the training set into subsets.

3. Redostep 1 and step 2 on each subset timiinumber of samples in theaf nodes in &
thetreebranchesneets thetoppingthreshold

4. Use Kfold crossvalidation to choose thenaximum tree depth. That is, divide
training observations into ten folds. ForeachK =1, .. .,10:
(a) Redo steps 1 to 3 on all except one of thi®ld training dataset.
(b) Evaluate the error on the ledut one fold data out of the-lds, as adnctior

of depth.

5. Average the&K-fold results for each value of depth, and pick the depth that gives tl
score.

6. Return the tree from step 5 that corresponds to the depth's chosen value with
model score.
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DT can easilyoverfit on trainingdataandresult in a toecomplicated model with many
subbranchesHowever, using ensdbfe of trees (random forestsyosting);predictionresults can

be improved in terms of higher accuracy and lower RMSE

1.3.3.2.Random Forest

Random forest is a modifidmbotstrap aggregating (bagging) ensemble learning technique
that builds N number of base learners (trees, linear models) by bootstrapping train data into
differentsubset[59]. Dur i ng e a c hgensralynpul nmap\@harbitrary(featéres are
chosen out of all t featuree tradeoff the sampling bias, variance and reduce the learner error
[60]. Afterward, the N base learnemodel fitted using bootstrapampling,and outputs are
aggregated through majority voting (for classification) or averaging (for regressi@mmandom
forestpseudocodeés represented imable1-5.

Table1-5: Algorithm for Random Forest

For each of the N learnefsllow step 1 to 5.

1. Take outm number of bootstrap sample subggtaining, target from the original seof

samples rfm<n).

2. During recursive traimg, select arbitraryfeatures from all théeatures for each of thd

estimators

3. Among r features,lpce the bedeatureat the root of the tree usirige Gni index.

4. Use recursive binary splitting to divide thmot datainto two nodesubsets.

5. Redo step 1 tetep4 on each subset unthhe number of samples in theaf nodes in aliree

branchesneets thestoppingthreshold

6. Build RF by repeating step 1 step5, N times to create N number of tree estimators
regression, averageedictionsfrom N estimatorso make the final prediction. In the ¢
of classification, take majority voting of N estimators' predictibdsmake the fin:

prediction.

7. Use Kfold crossvalidation to choose theumber of trees Nthe maximum number «
features r, antheminimum number of samples theleaf to set the stopping rul&hat is

divide the training observations into ten folds. For each K=1, .. .,10:
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(a) Redo steps 1 t6 on all except one of the-Kld training dataet

(b) Evaluate the error on the ledtit one fold data out of the-#0lds as a functic
of the number of trees, the maximum number of featuedthe minimum number ¢
samplesAverage theesults for each hyper parameter and pickviileethat gives th

best score.

8. Return the RF model from Step 7 that corresponds to the chosen valuenafither o

trees, features, and samples

In each of the RF bootstrap training set, abouttiwals of the samples are used to fit the
tree, and the remaining ostieird of the observations are referred to as theobiag observations
[60][61]. RF reduces variance while aggregating some uncorrelated trees through averaging and
avoids oveffitting. Consequently, RF brings in noticeable improvements for models such as
artificial neural networks, classification and regression trees, and subset selection in linear
regression. However, it can mildly degrade the performance of stable methods sucbaasK
neighborg55]. A single decision tree's predictions are highly sensitive to noise in its training set;
the average of many trees is not. Again, bootstrap sampling enhances RF performance by
generating deorrelated trees. An optimal nunmlag trees N has been found using the grid search
technique

1.3.3.5.Gradient Boosting

Gradient Boosting (GB) is an ensemble moddiich learns through the optimization of
prediction error gradient. GBesults inlow bias and low varianceomparedo a single decision
tree[62]-[64]. GB uses a gradient descent algorithm for loss miatian recursively63]. There
are several versions of GB algorithyrend the Gradient Boosting Machine (GBM) has been
adopted for drop characteristics prediction in chapt&ighqi Chen has implemented GBihd
the model has been termed as XGB§63}. XGBoostincludes several iprovements over time
including overfitting regularisatiorXGBoostoutpaces other models with fester performance
and data parallelizatid®4]. Therefore, the XGBoost Sciki¢arn python package is used to build
a boosting model and tune paramefédy. The gradient boostingseudocodés represented in
Tablel-6.
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Table1-6: Algorithm for Gradient Boosting.

1. Given a sample data distribution n, take a subsample of the whole dataset m as th

sample distribution (m<n).

2. Train a tree estimator using the training sample using the following steps:
(a) Among all features,lpce the bedeatureat the root oftte tree usinghe Gini index.
(b) Use recursive binary splitting to divide tre@ot datainto two nodesubsets.

(c) Repeat step (b) and (c) to gronee untiltree has reached maximum depth.

3. From the estimator prediction, compute the model loss.

4. Calculate thenegative gradient of the model loss.

5. Optimize the weight of each estimator based on the gradient of the model loss

training features.

6. Build GB by repeating step 1 8tep5, N times to create N number of tree estimators
final prediction fom N estimatords the summation of (N) estimator prediction a

optimized weight from step 5 multiplied by learning rate,

7. Use Kfold crossvalidation to choose theumber of trees Npaximum tree depth, learni
rate, sample ratio of columns whesnstructing each tree, subsampling ratio of the tra
set andthe minimum number of samples theleaf to set the stopping rul&€hat is, divid
the training observations into ten folds. For each K=1, .. .,10:

(a) Redo steps 1 to @n all excepbne of the Kfold training dataet

(b) Evaluate the error (RMSE for regression, accuracy for classification)
left-out one fold data out of the-#lds, as a function d&B constraintsnumber of treg
maximum tree depth, learning rate, sampleraticolumns when constructing each t
subsampling ratio of the training sbroughGrid Search CVAverage the results f
each hyper parameter and pick the value that gives the best score.

8. Return the GB model from Step 7 that corresponds to theclommstraints.

Each recursion updat e i,andfnallgy bllehe predictorharet h e |
combined with different weights for each pred
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error rates are kept track because better nsatel given larger weight&B builds trees greedily

as each of the estimators starts from a single leaf and iteratively adds.

1.4.Printed Pattern Control through Vision Approach

Electronicmaterial(e.g., conductorssemiconducto)gpattening atmicrometer scales can
suffer from several neidealities due to unwanted fluid floan the substrate. Pattern deviations
may arisan the form of lulging, scalloping, and bead segregatthe beginningunctions,and
over the intended pattern boundafigs] shown inFigurel-7. The pinted dimensiomay deviate
significantly fom the designed dimension due to substrate wettability and ink rhedloighas
a severeinfluence on the optimization, consisteneypdaccuracy of electronics manufacturing.
Moreover, electricalesistance depends gratternlength and widthafter prnting. It changes
significantly with theprinting direction's orienteon relative to the pattern orientation and the edge
roughness of the pattefi6][77]. Depending on the standard deviation of the edge roughness, it
can increase devicesistance and capacitance by up to Z%o. Therefore, it issential to print

patterns without such defects amdke it readily adjustableconcerninghe underlyindargearea

c) d) e)

flexible substrates.

150 um

a) b)
Figurel-7: Examples oprinted patterlo e ha v i or s : (a) i ndividual drc

(d) bulging, and (e) stacked coins. Drop spacing decreases from left toRegrinted with
permission from %oltman, D. and Subramanian, V., 2008. Infjented line morphologies and
temperature control of the coffee ring effdcingmuir, 24(5), pp.2222231). Copyright © 2008,

American Chemical Society.
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There has been significant work to understand the fluid mechanics of theskealidres
and avoid them for simple designs such as lines or squares by changing the location and order in
which drops are printe@equentiadesignandpattern splittingoromising exhibitresults in bulging
inhibition andoptimizedoutput compared to traditional raster print[@g]. Inkjet pattern control
has been thoroughly investigatied lines[75][79]-[82] and 2D shapd83]-[86] by characterizing
ink and substrate properties and manipulating,dnog lineto-line spacing87][88] can potentially
enhance the quality oprinted morphologiesCareful selection of optimumrop spacing
[75][80][81] and line-to-line spacingB0] can generate stable lines and films witss bulging
instability. However, this is typically not implemented for automated industrial tinkje
manufacturing Even line and film edges with consistent corners can be attained by managing
coalescence speed, drop spacing, and visessiface tension ratify9][81][87]. Additional ce
solvens [83], advancingreceding contact anglg9][84], and substrate roughnf&s][86] play
dynanic roles for homogeneous rastaranned line and rectangle pattern generation. Micate
liquid tracks with several distinct morphologies: cap, bulge, and ring have been investigated before
using fluid dynamics methods[88][89]. Preprinting any feature's contour improves corner
morphology byinducingor enhancing contact angle hysteresis, and additional anchoring in front
of each segment can significantly subdue the bulging §8&¢f88]. Other workg82][90] have
demonstrated the circumvention of thnelti-line intersection thickness irregularity aminimum
line-to-line separatiorusing compensation techniques iriakjet printedprocesses. Most of them
describe pattern correction by adding orumdg pixels from particular areas to improve
downscaled print resolution without the implementation of pixel orderagpther practical
problem is that compensation is not applicable for shapes consisting of less than five droplets width
and length. Th@ixel compensation method is not automatic and intelliG@mdrbitrary patterns
and the pattern defect quantification is not versatile and onlme realtime during printing
However, practical applications demand intricate patterns, for examiphe mwiltiple corners.
Manual optimized drop sequence desigsing the above described methdds suchcomplex
patternsis challenging. Thus, most printers use simple raster printing where the nozzle follows
subsequent rows without consideration for theree patternHere, we propose to deploy machine
vision algorithmsfor optimizing computerized printed electronics manufacturing. The goal is to

automatically generate improved patterning steps based on automated detection and elimination of
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printing inacuracies. We demonstrate several algorithms to convert different design patterns into
drop sequence®y orderingdroplets' depositiomnd changing the elescence forces between
droplets the functional material, underlying substrate, and evapordtiarot need to be changed,
which can be undesirable when printing functional materials for printed electrdfecsiake the
optimization more versatile for any shapes and patgertise machine vision algorithms implement
design rules, and ntheoreticalmodeling of the fluid mechanics is need&de validate and
compare the various methods by micro inkjet printing with a conducting ink. Our results show
significant improvements in print quality over simple raster printiiige automated printing
process s divided into two major parts: computer vision informed optimized printing pattern
generation through pixel sequencing avdluation of the printed pattern.

We propose thatlectronics engineerwill be able to automatekjet designing defect
localizing, andcategorizing inérms of visionbased segmentation and skeletonization approaches
to synchronize thprinted electronics inspecti@mvironmentlmagebased pattern recognition and
visual inspection hae been adopted before for inspection of piihteircuits board (PCB)
manufacturing processgxl]|[92]. There have been multiple uses of a divide and merge algsrithm
and graphical modeling fd?PCB pattern inspectio[93]. Still, for additive manufacturing,hts
methal of consecutivanalysis ofmultiple defects has not been explored befohe kest possible
circuit integration and customizatiaften get limited with standard PGBthagonal interconnect
architecture. hyer by layecircuit image to gnting pattern tanslation is more flexible than PCB
as it allows not only as many layers as required but also adaptable interconnections with lower
manufacturing costs, lead time, andcronscale feature sizeSkeletonied defect routing of
intricate printed patterns more feasiblavithout incorporating anglesign ruleproposed by some
researchers for PCB optical inspecti@1]. We show here for industrial flexible electronics
manufacturing facilities, visiobased defeatouting yields high-resolution devices enabling any

shape at any scale getting printed on the fly.

1.4.1.Edge and Contour Detection

Edges arethe fundamentafeature of image processing. Contour is built on top of edges
most of the time. After detecting the intended edges from imagesours of objects can be
obtained using fitting. Accurate and fast contour detection can amdamy other algorithm
developnents such as classical image segmenter, detectorshapeanalyzef{94]. The edge of

an image illustrates the content object boundaries asthong intensity gadient. Edge is one of
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the essentiafeatures in computesision [94]. This feature information can potentially be used
develop detection applications, measureeobjsize, segregate, and couwljects other than
background. There araanyways to extract this feature and can be categorized mostly into two
Laplacian and gradieiitased95]. Filters are used to identify sharp changes. Most of the filters
detect edges based on discontinuities in intensity based on three fundamental stepsthé&t first,
image is smoothed to suppress noise. Next, ubgtdpresholding technique dhe filtered image,
important edges are retained. Finally, edelocalized with thinning and linking. Various edge
detectiomalgorithms and their performance on patternstieeen explored in Chapter 3 in detail.
Object contour is anotharritical attribute widely used for developing any imalgased
pattern generation, segmentati@md classification application. Contsusutline the shape or
form of an object in @ image. When not closed, contour extraction gets quite challenging.
Classical contouretection techniques fall into any of these three types:-piastd, edgbased,
and regiorbased[96]. Besidesthese traditional ways, deep convolutional neurawogk
approaches areaging popularity nowadays due to its better detection performance. We have
adopted edgbased contour detection for automated pattern sequence generation. The detailed
model and results are presented in Chapter 3.

1.4.2.0bject DetectionTechniques

For printing improvement, we can partition the printing design ground truth image into
various segments. The circuit is depictedrigure1-8(a), contains two types of objects, mainly
rectangles and circles. A multibel (crcle-rectangle) object classificatiomodel will predict
wherever there is a circle or rectangle. But for printing coordinate generation, we also need to
know thelocation ofan object in thedesignedmage.This objectlocalizationhelps identify a
single object's location in an image, as figure 1-8(b). The designed circuit might contain
multiple objects present, asth we have to implemeobject detection (ODjo tell the location
and type of pattern the sameFRigure 1-8(c). OD not onlyclassifes the patterrs but also puts
bounding boxes arourtiem. It involvegwo mainchallengesone is todetermire the munding
box size and location; another is tassify thepatternwithin the boxFor computation ef@iency,
instead of working on the whole image, it can be segregated into smaller regions. All portions of
the i mage dondt <carry areleffout] and thefrestarmieptiMostly, s uc

the similar image pixels are clustered togethed, the region grows. This OD is essential because
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depending on the type of pattern, the printing algorithm might be different, discussed elaborately

00 Vo0

in Chapters 3 and 4.

000

Output; Circle/Rectangle?

: - Object Detection
Object Localization

Designed circuit pattern

Figurel-8: Object aktection techniques. (a) Ground truth designed pattern. (b) Qigjatization
(c) Object detection.

Two major approachesave been explored by the researchers so fasdieing theOD
problem. The first one is the twatage regiotproposalbasedmethods. It works by proposing the
"regions of interest" (areas which likely contain an object) and then refine the areas and categorizes
the object within them. In contrast, singlage methods treat OD as a regression problem, propose
bounding boxes andlassification in a single step. The regimoposalbased method can be
traditional visionb ased A Sel ect i v e-b&edasegmdntatibn. Iscarcalso be builtg r a p
from the CNN classifier, namely-RNN, Faster RCNN. Nevertheless, the regidrasel approach
is comparatively inefficient in terms of time consumption though accuracy is bettersthg®
object detection methods first propose regions containing objects and then go through a refinement
stage. Singlstage methods simultaneously pretotinding boxes, and categories such as YOLO
(You Only Look Once) versions 1 (2016), YOLO 2 (2017), and YOLO 3 (2018), SSD (Single
Shot Detector, 2016), Retina Net (2018). These networks are much faster at processing images
than the twestage detectors siathere is only one stage of processing, but lag inaccuracy.

For some of the simpler processing steps mentioned in Chapter 3;cutapdisedmage
segmentationhas been adoptedlhis technique provides one of thebest classical image
segmentatiomesults It divides theamage into multiple segmentssed on defined object features
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such asedges contours, lines, etd&Eriksson et al. introduced rrovel graph cut techniques to
segmentoral reefsand holiday picturef7]. Later,Uzkentet al. efficiently tunedyraph cutfor

segmenng cardiac picture$98]. Recently, there haseen a tremendous advancement in deep
learningbasedbject detection applications employing convolutiamaliral network§CNN). As

a backbone, CNN has directed mémgh-performancepplicationsstarting fromobject detection

[99]-[103], semantic segmentatiofi02][104]-[108], instance segmentatid®9], and image
generatiofit10]. The main advantage of the deep segmentation methodsdoome the fact that

NN can very efficiently pick upeatureqedges, corners, contours, texture, etc.) in pixel scale from
megabytes to terabytes @fining objects[111]. As a supervised modeGNN outperforms
conventional edge or contodmased image segmenters in termsrage understandingccuracy

With its deep layemwise structure,it is proficient atlearning complex and intricate high
dimensional data structurdscan also detect objects in anyageseven if it has not seenbefore

during training[112]. Howewe r , despi t e signiycant advances il
implementation of these tools for practical applications remains chall¢hf6jdecause of the

unique requirements for developing ddeprning algorithms that necessitate the joint
development of hardware, datasets, and softjtd@j[117].1 n t he vy e |sdienceflotsmat er i
of intended object detection advancemdrage been madd18]-[120] usingimage recognition

algorithns. In this work, we implementegraphbasedalgorithmfor pattern segmentatioNeural

network basedrchitecturecan also be implemented for efficiatdtection opatterns

1.5. Thesis Organization

This work presents hovearned printing enables efficient material and printing parameter
selection consequently speeding up the development of novel materials and inks for printed
electronics by eliminating money, timand material intensive jetting experimemscomputer
vision-based scheme is theleveloped and evaluated for the control of inkjentpg at the
micrometer scaleFinally, printed resultsare analyzed using automated defect detection. The
developedmnethodimproves print quality for complex shapes in an automated fashion, which is
impossible or requires extensive manual interventiith traditional methods.

This thesis consists of five chapte@hapter lincludes the thesis introduction, research
motivation, background and literature review, research outcome objectives, and the relevant

references.
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Chapter 2 describdke piezoeleiric DOD jetting optimization based on machine learning
algorithms. It stugbsthe effect of printing and material parameters on drop features: velocity and
radius. The jetting region with several solvents and inks witlOB Printerhas beeranalyzed
and a datasehas beerprepared for model development. Modal® explored, validated, and
interpreted for predicting drop features and jetting critekiacersion of this chapter has been
published as a conference poster presentation: F. P. Brishty, R., Urn& . KBaclane , A
LearningBased Datdriven Approach for Optimized Inkjet Printed ElectronicRS Fall
Meeting & Exhibit, Symposium MTO02: Closing the LabfpJsing Machine Learning in High
Throughput Discovery of New Materials; 2019 DéddG;1Boston,Massachusetts: MRS; 2019.
MT02.12.02 A journal paper is in preparation.

In chapter 3, multiple vision algorithms and approaches for inkjet pattern generation are
compared using python programming. Fabrication of flexible-hggllution silverand copper
patterns with several shapes, patterns, and scales oamg#3ST via inkjet printing are discussed
along with theoretical analysis and experiments. Finally, it concludes which kind of patterning
techniques are useful for shapes as determined from asmigrapkbased defect quantification
techniques. A version of this chapter has badmmittedas a journal paper: F. P. BristapdG.

Grau, fAMachine Vi si e iMdtehdo dcPaltd gy nf dGre nlerr kajt @ to n

Chapter 4preseng and verifes electrical measurements of several patterning shapes and
techniques.lt analyses how the segmentatioased matrix &ctorizationwas developed and
adopted to improve pattern generatm evaluation methodsinally, patterrmanufacturing was
carried ot usingsegmentation techniquefter printing, printed results were analyzed using a
nortcontact based vision approachoractbased probingwas performed for the pattern
resistancethicknessmeasuremeryrintedwith variousalgorithms.A comparison othe methods
demonstrateand verifes how segmentation can effectively improve printed patterns.

Chapter 5 summarizes the main findings of this thesis workdamdifies directions for
future work.
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2. Chapter 2: Machine Learning-Based DataDriven Approach for Optimized Inkjet
Printed Electronics?

2.1.Introduction

Machine Learning (ML) predictive methodology can potentially minintize inkjet
printing configuration workload. Thigssentialadditive manufacturing techniquierings in
plentiful attra¢ive attributesincluding lowcost, scalability, noncontact printingnd microscale
on-demand customizations. Inkjet generates circuit material dropleta pigkoelectric dispenser
controlled through frequency, voltage pulaad timing parameter3he significantchallenges
rapid optimization of stable jetting conditions wehgreventing common problems (no ejection,
perturbation, satellite drop, multiple drops, drop breaking, and nozzle clogging). Material
consuming trial error experiments are sg@d with jetting learning windowsased on machine
and material properties through extracted literature data merged with experimentally collected data
points. Afterthefirst stage exploratory data analysis and feature identification, detailed analysis is
carried out to compare various (linear and-finear) regression models to recagpmodes with
high predictive capacities while at the same time allowing for interpretation of the underlying
implied dependencies of the involved features. The modelsaaned on 80% of the datand
root meas square errors are calculated on 20% test data. Simple linear relationship consideration
between the input and output features yields coarse prediction. Instead, small ensembles of
decision trees (boosted decisimaes and random forests) are explored further to estimate drop
velocity and radiusThe models are validated witm axperimentally collected graphene oxide
(GO) data set not included in the training set. Consequestixeral classification algorithmsea
utilizedfor drop categorization. Learned printing enables efficient material and printing parameter
selection speeding up the development of novel ink materials for printed electronics by eliminating
money, timeand material intensive jetting experints.

Typical DODinkjet printer ejects ink droplets from a piezoelectricallgven nozzle (see

Figure2-1(a) for an illustration) with micralispenser, LED strobe, ink reservoir, drive electronics

1. This chapter has been publishedaasonference poster presentation: F. P. Brishty, R. Urner, G. Grau,
AMachine Learning Based Data Driven Approach for Optin
Exhibit, SymposiunMT02: Closing the Loop Using Machine Learning in Higithroughput Discovery of New
Materials; 2019 Decib; Boston, Massachusetts: MRS; 2019. MT02.12.02. A journal paper is in preparation.
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essential components. Variouks properties affect the jetting and the pattern formation on the
substrate. Thens only a small window of material and signal (e.qg., jetting voltage, frequency, or
timing) parameter combinations wihable jetting with optimal drop velocity and volume tSide

of this window, either there is no ejection from the nozzle or the jetting is unstable, and the drop
breaks up into multiple droplets or satellites (Begure 2-1(b)). For multiple droplet cases, the
biggest one is referred t@ #éhe primary drop, and the other one is termed as the secondary drop.
Drop quality is critical for successful manufacturing using inkjet printing. If the drops break or jet
with satellites, the printed lines or circuit patterns will have irregular steapbdefects. This can
adversely affecthe performance, yield, and variability of printed devices such as transistors.

Therefore, methods need to be developed to achieve precise jetting.
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Figure 2-1: (a) lllustration of the inkjet printing process. A voltage waveform is applied to the
piezoelectric nozzle, which ejects ink droplets and is scanned relative to the substrate to create
printed patterns. (b) Stroboscopic ipes of different jetting regimes. Ideally, a stable stream of
well-defined drops is created. Outside of this desirable regime, the ejected drops can break up into

multiple droplets, or there can be no ejection.

Several theoretical and experimental studiase explored the underlying physics and
experimental conditions for droplet generation and jetting feature characteriEatiorew inls,
the dropcharacteristic such alocity is generally not knowa priori and need to be determined
experimentallyTherefore, there is a need for a method that can predict jet ability, drop velocity,
dropradius and optimal printer parameters for new iMachine learning is a technique that can
potentially forecast drop velocity anadiusand categorize jetting typdt is motivated not onlyo
derive a more accurate jetting window but also to saperimental time and cost. Only one other
work uses a datdriven approach to predien inkjetprinted polymer's drop speed and volume
This work predicted jetting fromnly three signal parameters: voltage, pulse duration, and rise
time[l34. These features are not suf fincldeaaynflud i f t h

properties such as viscosity, density, surface tension. There is a shortage of-leaspihgtudies
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on printing and material attributes during inkjet printing at the micrometer ddaele, we

demonstrate a more comprehensive mact@aeing approach that takes various ink and printer

parameters into account (11 features in total). The model is trained on a range of inks to learn

general dependencie3his learningbased approach can help select optimum ink material

properties for praeusly untested inkand identify th@ozzle signals' active regiao achieve the

desired dropadiusand velocity
2.2.Methodology
The problem has been divided into three parts: 1. collect data experimentally with different

printing conditions and dissimilar materials, as well as compile literature data, 2. process

experimental image data and explore feature importance then relgiioBstconstruct and

validate predictive models for drop formulation and finally assemble results. The chagtiia

2-2 (a) represents the workflow.ab image datasets are processed through an image processing

pipeline, as shown iRigure2-2(b), to calculate the drop velocity and raditesm images gatured

duringthe experimentsExperimental data is merged with literature data. The merged dataset is

cleaned, and feature relationships are extracted. For drop velocity and radius prediction, the same

input features are pigrocessed, sampled, and diéiet forecasting models are applied to the

training set with hyperparameter optimization. The optimized trained models are saved and tested

on
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interpretationde<riptionof the modelgan be found in the result analysis section, and the relevant

codes can be found at a GitHub reposi{aB5].
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Figure 2-2: Methodological Workflow. (a) The workflow of the dadaiven inkjet optimization
scheme is presented here. (b) The workflow of the image processing process to extradiusop
and velocity fromexperimentally collected stroboscopic drop images for each set of input features

studied

37



2.2.1.Feature Identification

Data collection, identification of essential input features, and target output are the
preliminary steps for implementing an ML model. Inpattad assessment is completed in two
stages: varying material and machine parameters but not at the same time. As a function of these
inputs, the model predicts two continuous outputs (drop velocity and drop radius) as well as one
discrete output (jetting @uity:single drop, no ejection, or multiple drops). Density, viscosity,

surface tension was varied material parameters, affecting material printability.

2.2.2.Machine and Material Parameter Variation

The critical machine parameters that are considered faressful inkjet printing are
frequency, dwell voltages{ ), echo voltagedd ), dwelltime 6 ), echotimed ), rise
time © ), fall time © ) and nozzle diameter, as shown Rigure 2-1(a). Each of these
parameters has its effects. The input waveform might consist of unipolar, bipolar, sinusoidal
pul ses; nonetheless, the fAbipolardo trapezoida
DC voltage offset lamdis$etatzarb. Othaltham thid DCGvoltage levela g e , ¢
the positive and negative pulse amplitudes have essential roles to play. The positive voltage
amplitude is called dwell voltage, and the time required to reach this amplitude from the bias
voltage iscalled the rise time, providing an interval for the initial fluid expansion. The negative
voltage amplitude is named echo voltage. The time duration afvied pulse's falling edgis
labelled as fall time, which determines fluid compression and dsspalige time from the nozzle.
Thus, echo voltage and its timing adjustment might potentially reduce unstable drop formation.
Durations of the positive and negative voltage pulse plateaus are termed as dwell and echo time
and should be sufficient enoughagange for pressure wave propagation through the dispenser.
Conventionally®w =-w ando =20 to allow pressure wave optimization within the
nozzle. Collected literature data includes a wide variatiomof o 0 , 0  &orthe
lab data collection, the feature space is divided within the following variation range:

1. Frequency: 50@Q000 Hz in steps of 500 Hz

2. Rise Time: 135 pus (at two different voltages (30 V, 35 V)) in steps of 3 ps

3. Fall Time: 135 pus (at two different voltages (30 V, 35 V)) in steps of 3 us

4. Dwell Time: 330 ps (at two different voltages (30 V, 35 V))

5. Echo Time: 370 ps (at two different voltages (30 V, 35 V))
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6. Dwell Voltage: B80 V in steps of 5V

7. Echo Voltage=60 to O V in steps of 5V

8. Viscosity: 0.5915.26 cp

9. Surface Tension: 21.23.04 mN/m

10. Density: 7861425 kg/ni

11. Nozzle Diameter: 60 um (Literature data varied froai286um)

There are some physical restrictions for choosing éaufe space. According to the
various piezoelectric inkjet printer manufacturg], there is a recommended range for creating
a jettable fluid, although it varies from one company to another. Materials parameters have been
chosen to lie withirommon inkjet nozzle manufacturers' specifications, Miabo&nd Fuijifilm
Dimatrix. Besides,Here is a range of feature values featuresl-7 beyond which the nozzle
doesndét work. When the frequency goes beyond
40 us, the jetting becomes unstable, and in most cases, the velocity and radisregasurable.
For unipolar pulse, dwell voltage can go up to 80 V. In the bipolar case beyond 45 V, mostly
unstable jetting is produced with echo voltage bel@® V. Considering all these physical
restrictions, the above range was selected for coltpthia lab data.

2.2.3.Experimental
The experimental data points are collected, varying the identified attributes as discussed

in 2.1 and merged with correspding literature data points.

2.2.3.1. Data Collection

Five solvents triethylene glycol monoethyl ether (TGMEpropanol (IPA), thexanol,
toluene, methoxy ethanol are used. Silver nanoparticle ink (DGP-4BC) with the major
solvent TGME was bought from Advanced Naiferoducts, Co., Sejong, Korea. To have a
variation in material properties, three binamxtures of TGME and silver ink are prepared with
70%-30%, 809%20%, and 9094.0% concentrations, respectively. In total, data were collected for
five different pure solvents and three different concentrations of silver ink. To collect jettability
data, clea nozzle and solvents and inks are necessary. A customized inkjet printer with 60 pm
diametemozzle (MJATP-01-60-8MX, MicroFab Technologies, Inc., Plano, TX) can handle only
low viscous materials withviscosity below 20 cP and surface tension betw€en 5 0 mN/ m. T ¢

ensure this, viscosity was measured by Brookfield viscometer, Kruss contact angle analyzer was
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adopted for measuring surface tensiging the pendant drop meth@hd density was measured
through weight balance calculation. The inkjet sewgs prepared by cleaning the nozzle
meticulously with acetone, IPA, and-émized water in a sonicator. The led strobe and the camera
are regulated to capture bright, clear, focused drop images without bl#ommgach solvent, the
same jetting setup iwested twice on two different dates. Additionally, published data for six
materials (Aluminasuspension in hydrocarbon media, DI Water, Ethylene Glycol, Acetonitrile,
Methanol Monohydrate, and Butyl Carbitol were collected from previous literpt8il5][46]

and MicroFab technot®3,04[136] [139]. The collected literature data consists of different nozzle
sizes and printers from different manufacturers for difieimaterials but contains only velocity
information, not drop radius. Literatudata werecollected through a webased image extraction
system called web plot digitizer. Finally, we have T&9 data points and 2176 literature data
points. Histogramsfdhe collected lab data are displayedrigure2-3(a). These histograms here
are immensely useful as they indicatech feature range, attte threecolor labeling poirg out

the jetting region at that time. For instance, the voltage histogram says that it is varied from 0 to
80V, and below 10V, we could not find any jettifigns data is easy to get an idea of the obtained
velocity and radius rang&he collectediropradus lies approximately within 255 pum with the
nozzle radius 30 um depending on the other features varied at thatigme2-3 (b) shows that
collected lab data over three differairop classes are almost equal, with no singbsslgiven

utmost priority.
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Figure2-3: Input features and target distribution of the collected lab @@tdata model intake
feature @well time, voltage, rise time, fall tim&equency, echo voltage, viscosity, density, surface
tension, echo time) and measured yield (drop velocity, radius) distribution displayed as histograms
with y-axis label proportional to the frequency of attribute occurrence anasxicks as values

with respect to observed jability region. (b) Target class balance of three categories of jet ability

multiple drops, single drop, and no ejection.



The percentage of data in each class is calculatéividing the number of data points in
a specific class by the total number of data pants thethree classeshannon entropig used
hereto measurelassbalanceusing equationgll) and(12). For the collected lab data with a set
of 769data points in three classes (multiple drops (346 points), single drops (217 points), and no
ejection (206 points)}he entropy is computed with equatidri).
H=1 B-log— (11)

Here, n is the totalumber of data points, k=3 is the number of classedA is the size

or data count in each class. The data balance is computed with edLation

Balance=— (12

The balance vala is 0 for a very unbalanced dataset, and for balanced data, the value
should be close to 1. For our lab dataset with 769 data points, the computed balance is 1.069.

Therefore, the datasistconsidered to be overall balanced.

2.2.3.2.lmage Processing

All of the mentioned featuregary within their range, as described in section 2.2tte T
resulting drop image is captured with a camera using@aBber version 3 with 720x480 pixels
resolution. Ong i x e | i's equivalent to | ess than one gn
il luminated the drop flight continuously. The
captured images, the drop radius ranges from@®@ixels. The measurementar is £ 5 % for
the diameter and = 15 % for the drop volufhél]. For each feature set, two consecutive drop
images are taken using a 50 ps drop delay to meabkeralrop velocity. For drop radius
measurement, the delay is adjusted toagetiform round shaped drops without satellifeéigure
2-2(b) shows the image processing pipelines for the velocity and radius measurements. All the
collected images are processed in OpenCV for Python performing RGB to grayscale conversion,
noise elimination, binary thresholding, automatic cropping, and scaliegnove the nozzle area
and keep only the generated drops. For radius measurement, SimpleBlobDetector is adopted from
OpenCV, which works on thresholded binarized imagewhite background, -®lack drop
foreground). In each binarized image, connected hiiagk pixels are grouped and form blobs.
Theblobs (drops) centeexe computed, and blobs closer than the minimum threshold distance are
merged. Finally, the centers and r&lof the merged drops are computed and returned. This
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algorithm performs betteh&an other edge detection algorithms. The comparison redigpiayed

in Figure2-4.
Method Radius(um) Error(%) Volume(PL) Error(%)
1. Canny 20.40%-22.22% 50.6%-535%
2. Laplace 6%-7.1% 18.7%-21.5%
3. Hough Transform 9.77%-11.11% 28.07%-301%
4. Sobel 100%-138% 1233.95%-85100%
5. Watershed (Matlab) 19.14%-24.76% 90.31%-700%

Figure2-4: Comparison of di#rent Image Processing Algorithries drop radius estimation.

For drop velocity calculation, every two consecutive images (taken as a drop at two
sequential positions after @ delay) from all the images went through edge detecTiomlowest
bottom pant of each drop is measured. The distance traveled by each drop was calculated by the
difference in théowest bottom positiom two subsequent images and divided by 50 ps to find its

velocity.

2.2.3.3.Data Processing

If the data processing is not handlearefully and model selection is not appropriate,
drawing insights from data through Mjetsquite critical even after a lot of training. Keeping this
in mind, we exerted most importance on data collectiorppyeessing, and then vigorous ML
model exploation. Data as the core of any ML algoritisimould be supplied in the form that the
algorithm understands and nl oc k s t he meani ngf ul patterns
met hodol ogydé is followed for the whaoatrimdomdat a m
to convert raw literature data, lab data in the form of a common structured form (CSV source) for
adopting ML. Literature data is unstructuréds a combination of documents, graph image, table
image, and the collected lab data is also ungirad as the target is collected as image format.
Literature data sources have been parsed, joined, and put into a tabular form. The unstructured lab

image dataset is passed through the image processing algorithm as defined i2s2étibto
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measure the target drop velocity, radius values. Two sets of data are merged into a final structured
CSV format. Then a data processing operation is performed on the metagst.daata is cleaned,

and unique records are kept so that each row is unique, representing a unique drop modulation test
case, and each column represents a distinct feature for the case. Records with outlier drop velocity
and radius were removed. Finallye have 76%ab data points and 2176 literature data points. As

a second step, feature engineering is then implemented to comprehend the features and tune them
as expected by the ML model. At first, 17 input features (material name, waveform typs, print
name, material mass loading, dwell time, echo time, rise time, fall time, dwell voltage, echo
voltage, frequency, density, viscosity, surface tension, wave speed, nozzle orifice diameter) and
three targets (drop velocity, radius, jetting categoryrallected. Then irrelevant feature columns

are dropped (material name, material mass loading effect can be replaced with density, viscosity,
surface tension; waveform type effect come in terms of echo voltage value if zero unipolar,
negative bipolar; pridr name doesndét have any -idertfieevith as pr
voltage, frequency and timing parameters). Next, as a third esep, input numerical feature
column's qualityis further improved through data standardizing (normalizingdptig outliers

using scikitlearr{142], and categorical target output (three jetting categories) are transformed to
numeric representation througdgibel encoding.The collected velocity and radius are formatted

into the same scaled float values (two digtecisior). Subsequentlythe training and test
evaluation subsets are selected as the fourthtetepgh random sampling from the merged
shuffled dataset. ML dataodels have been developed to have a meaningful insight and forecast
drop velocity, radius, and drop type with ensemble learning. The fifth step was to select the best
performing ensemble algorithm based on the RMSE for test data given by eqa8}iadere

finally, the algorithm performance is evaluated with untested data.

£ oo s A . . 13
RMSE=0O N 6O u U ) (13

Here, . 417 OADT AIABAOA ERUO@A AOGAGNOA 0 OA A BAG O
2.2.4.Model Architecture

2.2.4.1.Decision Tree
Decision tree (DT) is a whitbox supervised leammg procedure for discrete and

continuous prediction tasks to forecast inkjet printing by learninglsidgrcision rules from the
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printer and material features. Because of simpileafielse logic constructions, decision rules are
interpretable, and prediction cost is logarithmically dependent on the number of training samples.
Overfitting has been suppsesl by optimizing the minimum sample data at each node and
maximum tree depth. The scHtdgarn [143] CART (Classification and Regression Trees)
adaptation has beemplemented with binary trees using the eleven features andhadisé
considerablenformation gain thresholding at each no@ven the training features set in 'Y
(training space}t ar get value y in R, the data aot) node
contains a feature j andresholdd and partitions the data into two subgets ( d ) 0 a n(d)
given by equatior(14) and(15).

1 (&) ausg O (14

1 (dl 1= (19

For velocity and radius regression tasks, the impurity at the node p is computed using the

impurity function |, given by equatiofl6) with U value substituted by equati¢h7) . However,
for drop classification, prediction output taking on values k=0 (no ejection), 1 (stable jetting), 2
(multiple drops) at node, pepresenting a regiofY with 0 observationsimpurity is calculated
with Gini index impurity is calculated with the equation (8). H&x€&) A A EFAGIEA AR E E O U
is estimated by the equati@®) and the value is sited in equation (8). Finally, the split function

given by equatio20) is estimated recursively at every nodehite leftl. ) and right( )

samples impurity value®1T QE 1 pé i. QQQQk ©IQ  8The minimum value of the
equation(20) is the optimum number of split for CART, and the training stops after that.
o (16)
(8 ) =— u T )
U=—B, U 17
8)= RAI &£ Al ED (18)
e n o smeca & A ey 2, A L (19
DOA AEB@EA AA Bii EGQI— w Q
[ =&i Qaee—)1 [ —)1 | (20)

45



b))

I |
I |
: e |
: { Treel H’ Outputlf ’ TrlalnNPredlctlon _ I
| | Training [ [ d =ﬁZi=00utputi (Regression) I
g R L nr X .
Data |! Classiﬁmtioniredi(xion :
Set : I TreeN HI Output N ) =argmax; Lz, Output;; |
N— L o L e ——————— o _I
i i i b ol i i i i i bl il it i i i i i i i, i i i ’
I e TestPrediction :
I\ Testing e =%Z’,-V=00utputi |
: Set Or |
I argmax; L, Output;; :
L |
i i i e e o e I
| I
| : I
o | | Treel Weight |
: Training Treel Pl Output! 'W PR | e gj Train Prediction :
el 'g —t
: Set Tree2 I—'I Output2 AOptigmization: rees Weight : %Zf':oTree,-Weight + Qutput;| |
. ' : ' I
Data ‘ - '
st N : — ! TreeN Weight [ :
| Tree N I"’I QutputN I
b s b o i Rt e L e e e R e e !
- — :
: Testing || Test Prediction I
closet | %va:oTree,-Weight + Qutput; |
| |
| I
| |
L e e o e e e e e e e e e e o o o o o I

46



I
I REgl‘&‘SSOl‘S = Ol!tpiitR
I

4
Training (GB,REF)

Set
[
Data Classifiers || Output; '
el e epeeenpelt] M /0 i
i "
Testing > Test Prediction

Set Lyl =0utputy + Qutput,

Train Prediction
=Qutputg + Qutput,

Figure2-5: Model Descriptions. (adRandom Forest (RF). (I§radient Boosting (GB). (c)

Merged model for velocity and radius prediction.

2.2.4.2.Random Forest

Random forest is a modified bootstrap aggregating (bagging) ensemble learning technique
that builds N number of base learners (trees, linear models) by bootstrapping train data into
different subsef143]. During each sampling, r (=4at) arbi
features to tradeff the sampling variance and re@be learner§s9]. As shown irFigure2-5(a),
random forest (RF) regressor fits N numb&DTs individually on botstrap sampled subsets of
the data, and aggregates tree through majority voting (for classification) or averaging (for
regression). We found the using cresdidation. It took 0.517 secosdo train the model with
grid search CV crosgalidation todetermine the optimal number of trees N, the maximum number
of features r, anthe minimum number of samples the leaf to set the stopping rule. Given a
trainingsetd( i =1, é, n) UAndlt @y 9®t sRF performs boot st |
trees) times. Sampling is done g (g = 1, ..., N) times with a random subset of the features. The
sampled training and testing set agehU are smaller tharhe original training set. Given a
standard trainings&@ (i =1, 2, é, nWU( i &l d dftsige,ngRF takes out N number
of training, target subse® ,U (j =1, 2, é, N) (g=1,2,é, m) of size

with replacement from the original set (m<n). Then, each of the N base learners gets trained with
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the sampled training andrtget sets@ hU .This training data selection process is termed as
bootstrap sampling. Due to sampling with replacement, some observations may be repeated i
eachd ,U . If m=n, then for large n the sé is expected to approximately havee63.2%
fraction of the unique samples @ during bootstrap samplingventually, regression prediction
output is calculated by averaging the predictions from all the individual regression trees, which is
calculated by averaging the predictions fromledl individual regression trees using equagizi).
y=—B U ,U DOAAEADEIKOACOAODDAA I (21)
And for classification, the final prediction output from an ensemble of
Y(j =1, 2reesis bbjculated with majority voting using equat2i).
y=AOCi.Aigs B U - (22
U=bOT AARAEDE & BADEIED Ohkhumber of class,
C=Totalclass

For aclask,thesunB . tabulates the number of votes that class. Consequently,

argmax function chooses the clashat maximizes the sum. RF is better than a single DT in terms

of accuracy and overfitting prevention. The split criterion is based on RMSE, given by equation

(13). RF improves variance while aggregating uncorrelated trees through averaging and avoids
overf i tti ng. And, thatds why RF generates "i mp
artificial neural networks, classification and regression trees, and sudsetian in linear
regression. However, it lowers thertearest neighbor's performarj6&]. Being an average of DT

is immune to training noise as ayged to a single DT. Again, bootstrap sampling adds up to RF

performance by generating noorrelated trees.

2.2.4.3.Gradient Boosting

Gradient Boosting(GB) [62] machine Scikdearn [142] version XGBoost has been
adopted here for regression and categorization tasks.-Zabdation training of GB model with
constraint (number of trees, tree depth, learning rate) optimization took a minimum time
consumption of 0.512 seconds. GB utilizes CART as base learners, as described i2 2edtion
The maximum depth of each base learner tree has been chosen through the grid search CV. The
number of leaf nodes can be maximum (the depthGiven a standard trainingd{ i =1, 2, €, n)
tagetsU (i =1, 2, €, n) of size n, a&n@dj Nl1npnaméeN) of 6B
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prediction output,U for a given input@ is given by the following equati¢®3). As in Figure
2-5(b), boosting fits N number of DT simultaneously on the training set and builds a recursive
model™O in a greedy fashion according t@4) regularization strategy set with learning rate with
. Il ndi vi &u a ls fittechvatie a view te mininzing loss function given by equation
(25), which is finally reduced to equati@@7). The minimization equation (28) is solved via
steepest descent at the current mé@el . Lossfunction used in equatio(25) and (27) is a

regular RMSE for regressors as guation(13) and accuracy for the classification task.

Ww=0w B M ow (23
E =individual base learner output
DMw O w _Qow (29
N O EQEDETDRO o _0Q »
- (29
With a firstorder Taylor approximation, equati¢2b) turns into(26).
Q wi QA QEL i O 26
9 o T 0 ¢ ioho o
= T "Ow
The first term of equatio(®6) is constant and removed. The derivatwéhe
loss with respect ta, evaluated al0 and_ are represented together by
Q  ®i QdQEQw b
(27)
Finally, replacing the value of equati¢®?) into equation(26), we getthefinal
GB equation (29).
DMw 0O w+_zZwi QaBE Quw D (28)

The loss function contains the prediction errargd it is minimized so that the predicted
values are sufficiently close to actual valuBse optimization of the weight, as gure2-5(b),
is carried out with a shrinkage rate. Each recursion update is scaled with the leaepirfgnat
finally, all the predictors are combined with different weights for each predictor. During each

recursion on model F, the most successful and unsuccessful data are tracked, and higher loss
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outputs are given more weight and used multiple timésaibo the model. At the final prediction

stage, each model 6s error rates are kept trac

2.2.4.4 Merged Regressors and Classifiers

Drop velocity and radius regression tasks have been implemented by multiplying regressor
and classifier results. A simple decision tree is used as a binary classifier to separate the two output
regions: No ejection(0), ejection (1).s&gnificantdrawbackof applying treebased predictor came
out inthe case of actual zero values while it was mostly getting predicted as some small nonzero
values. Thus, the model needed to get learnesidieg the zero to nonzero transition region for
better output. The saartest and train set is passed through the classifier, and the regressor pipeline
and their prediction outp are multiplied to get a more accurate result with lower RMSE. Without
the classifier integration, the regressor mispredicts some target velo@szero even when there
is no ejection. This problem is reduced with the multiplication of 0/1 values with the regression
forecast values ifrigure 2-5(c). We have appliedwo main regressors: GB, RF, and voting,
weighted averagingeprately on top of these twanodels. The results are discussed in the
following sections. Finallythree jetting criteria have been suggested for stable jetting prediction,
as shownn Figure2-1(a). A threeclass categorizationmodea b el s O No Ej ecti onbd

isnoj etting. When there is a single drop but no
Dropb6 jetting. And 2dre G Mwltt iaprleelagdnDNepdDmepi A etdh r
Neural Network) havin@00 nodes inthetand 2°hi dden | ayer with Orel ud
function respectively and 40% dropout in each

with this, a simple decision tree classifier with depth three aneéatest neighbor classifier with

two neighborsare constructedind performances are compared.

2.3.Results and Discussion

Seven hundred sixtyine experimental data points are merged with data from academic
paperd43][45] and MicroFab technote[136] [138]. The final dataset consists of 3033 rows pre
processed through a ScHarn pipelinenormalization, scaling, categorical encoding, and
improper and missing value elimination. Elevsiportantfeatures(Pulse Duration, Echo Time,
Rise Time, Fall Time, Frequency, Nozzle Orifice, Voltage, Echo Voltage, Density, Viscosity, and
Surface Tension) are selected through applying two different feature selection classifiers, Gradient

Boosting and Randoifforest. We trained in total fourteen regressive models, eleven linear models
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(Linear Regression, Ridge, RidgeCV, Lasso, LassoCV, ElasticNet, BayesRidge, Orthogonal
Matching PursuitTheiSen, RANSAC, HuberRegressor) and three-lnoear (Random Forest,

Gradent Boosting, Decision Tref@0]. With 80% of the whole data and the most important 11
featur es. Close observation on theomDbedtsd r o
data revealed #t simple linear relationships between the inputs and output Fagure2-6a, do

not give a good prediction. Rather, Aamear regressive models, piaularly decision trees,

random forest, and gradient boosting, model the underlying physics with les&\smepicted in

Figure 2-6(a), lasso, ridge support vectors do not perform well with higher test and training
RMSE. Again, gradient boosting, random forest, and decision trees are doing well with lower
RMSE. Therefore, after deciding to implement #ioear regressive models, we have focused on

these three best models and also considered implementing averaging, weighted g.emdging
majority voting with Scikitlear{142] to minimize the RMSE of both radius and velocity
prediction. The data were <classified into th
OMul tiple Dropbo.

It was recognized that pulse duration, rise time, fall time, and frequency follow polynomial
trends, while the others (nozzle diameter, viscosity, density, surface tension, voltage, echo voltage)
exhibit linear trends. The polynomial degree that best fits the data without overfitting is determined
by plotting the RSME as a knee curveRigure 2-6(b). Around five degrees, there is a sharp
decline in the error rate showing that fidegree polynomial fitting most accurately describes the
featue pattern relationships. Some of the other mentionable relationships from the collected data
are displayed irFigure 2-6(c-g), where dots represent expmental results, and solid lines are
linear and polynomial fitting. Some vital information is obvious from these gtotsvelocity and
volume both show linear relationships with dwell and echo voltage while keeping other parameters
unchanged, but maiaih a polynomial relationship of 5th degree with the dwell tirngure2-6(c)
shows different slope for unipolar pulses (approximately 65 pL/V, ecltageoset to zero),
bipolar waveform (approximately 75 pL/V, echo voltage with a negative value), echo voltage
variation at a fixed dwell voltage (approximately 55 pL/V). This means the slope of the volume
change with dwell voltage is almost 1.5 timesha& €cho voltage for bipolar pulses. It means that
the same change in volume or velocity can be achieved by applying 1.®tihwegoltage or 0.67
dwell voltage. However, the higher slope of the bipolar dwell voltage pulse results in high output

volume andvelocity with the same unipolar dwell voltagBigure 2-6(d) is a histogram
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representation of minimum voltage value for creating drop ejection while other parameters are
kept at a fixed value of dwell time 15, rise and fall time at 3, the frequeri®08 Hz, and echo
voltage at30V. As shown by Duineveld et §1.61] the mnimum velocity required for creating a

drop is given by equatiof29).

O£ OQOU —— (29

The calculated minimum velocity of each of the material is plotted og-thas of the
histogram, while the minimum required voltage value to create this minimum velocity was
extrapolated from thinear fitting voltage vs. velocity cunfer bipolarpulsesas shown ifrigure
2-6(d) . For TGME and silver, this velocity is found to be lower than the low viscosity materials.
With the nozzlediameter of 60 pm (Micro&b), eactof the materials with their measured density
and surface tension, we calculated minimum velocity and plotted it as the bar inFigure
2-6(e). The measured minimum drop velocity (marked as the bar) leaving the nozzle in the lab
setup is a little lower than the calculated result from equation (11) (marked as a circle) for all the
materials. . Figure2-6(f) displays that for increasing voltage (30V to 35V), there is a prominent
peak shifting in optimum dwell time. The maximum ejected drop volume and velocity shift
towards the right for each of the materials. For low viscosity material, two peaks can be seen with
pulse dwell time. For example, IPA and hexanol show one small p&&8kxt, and the other one
at 27, 25 respectively at 30V. Optimum pulse width s pulse width value for which the
maximum velocity or volume is observed. But the value is somewhat different for every material.
For the most viscous material of our experiments (silver ink), the velocity at the optimum pulse

width is observed to be thewest.
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Figure2-6: (a) Comparison of test results among different algorithms for drop velocity and radius
prediction. (b) Polynomial order choosing for predicting output velo¢yUnipolar, bipolar,

echo voltage relation with dropolume (d) Unipolar, bipolar, echo voltage relation with drop
velocity. (€) The minimum velocity of ejection for different materialy,dwell time drop volume
relation. ¢) Rise/fall time effect on drop volume
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When rise and fall times were varied together by the same amount, the outpity eeldc
radius maintain polynomial shapes ($egure 2-6(g)). Drop velocity and volume behaviour of
different materials are different when subject to the same signal parameters due to their differences
in viscosity, surface tension, and density. Big not straightforward to predict drop velocity and
volume from these material properties only. From the above results, it is evident that the prediction
of jetting is a multidimensional problem. The underlying behaviour cannot be easily captured by
simple linear or polynomial fitting, especially without a huge dataset. In the following sections,

more sophisticated predictive methods are applied to the problem.

2.3.1.Drop Velocity Prediction

To predict the drop velocity from the machine and matgabmeters, the three most
promising models Random Forest, Decision Tree, and Gradient Boosting are deployed. Based on
individual performance, ensembles of RF, GB, DT models are arranged through majority voting
andweighted averaging to achieve the bestgenance. Tredoased ML modelbave a number
of parameters to firune, and there is no easy way to know which parameters work best, other
than trying out many different combinations through Sdédirn GridSearchCV searching
algorithm[149]. Grid Search CV made use ofHold crossvalidation[150] while exploring the
best modl parameter values in terms of minimum velocity prediction errors. The hyperparameter
values are saved and used later on to create the best estimator representative of each model.
Decision treesas the most elementary mogdedve fewerparameters to optiize. DT performance
is optimized with maximum depth selection through GridSearch#nhg 0.171 secondsA
pruned depth value of ten made the tree explainable and understaadahlewn ifrigure2-7(a).
If it has not been optimized, the tree nodes would have been are expanded until all the leaves
contain less thatheminimum amount of samples (model defined) and caused overfitting. Twelve
estimators of depth fourteen have been select
score with an average time utilization of 0.692 seconds. In this case, RF arbitray@gshsubset
of the eleven features for final prediction. Howevee, Gadient Boosting constraintaumber of
tree or estimators (10), maximum tree depth (14), learning rate (0.50), column spamneée(D.8,
sample ratio of columns when constructeagh tree), subsample (0.80, subsampling ratio of the
training set to prevent overfitting), minimum child weight (2, how big each group in the tree has

to be) are selected through the Grid Search Cvbssvalidation training ofthe optimized GB
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model canbines inputs from all the ten estimators for the final velocity decision through a voting
process.

In Figure2-7(a), we interpreted the decision tre@adel output with maximum depth set to
five f or better visualization. |t shows the OEc
forecasting. The next split adds or subtracts a term to this sum, depending on the next node in the
path. For each test dapmint, the path that matches the conditions is tracked, and an ultimate
regression outcome is obtained. The output can be written as ed@&jion

4R00 Bias of Trainset Target+ Root to decision node pat (30)
contributions

It is evident inFigure 2-7(a), some features (Echdoltage, Viscosity) are utilized in
multiple splitting stages, @ s o t hey are added as contributi on
the predicted velocity in each node. For instance, if the tree is used to predict the velocity for a test
set of h&anol with Echo Voltage30V, Density 815kg/if) Pulse Duration 21us, Voltage 30V,
Frequency 1000 Hz, Viscosity 4.59cp, Surface Tension 25.73mN/m, and nozzle oyifinei60
will follow the marked green path and will result in a velocity prediction of 81/K3with a residual
of (4.08163.13) = 09516m/s, which is close to the RMSE of this tree model. The contribution of
Viscosity = (2.282.05) + (3.132.9) = 0.47. The bias is 2.598, the contribution from fall time is
0.339, and the contribution of B@ Voltage is0.272. So, the overall prediction = bias+ all feature
contributions = 2.598+ 0.471 + 0.339272 = 3.136The gradient boosting constructed with ten
weighted trees has a much better overall RMSE of 0.398 m/s than a single decision treefRMSE
1.445 m/s. Weights are set on each tree output prediction, and an average is taken on them, which
is the final predicted velocity. Each of the booster trees has a maximum depth of 14, and in order
to calculate a prediction, gradient boosting sums ptiedis of all its trees. Each of the ten trees is
not a great predictor on its own. The aggregated prediction from thetierars gives a better
RMSE of 0.398 m/s. Individual predictions of each booster tree can be explained by decomposing
the predction into the bias and contributipas shown irFigure2-7(b). The best booster has been
used here to predict the drop velocity of new data floeniteratureFigure 9 of that papgi52]
depicts the drop velocity change of silver ink suspension with pulse amplitude. Two pulse
amplitude values (36 V and 44 Were tested with this model. The predicted velocity is very close
to the experimental velocity. Each prediction can be expressed as a sum of feature contributions
and bias from all the trees. With the help of the elif5 package code of Python, the deatisioh
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the best tree for two test data points is broken dowrigare 2-7(b). It describes that all the
boosters predict velocity 2.195 m/s while gx@erimental velocity was 2.0 m/s, and the accuracy

is 90.25%. Notably, il particular test result's most considerable contributamesfrom echo
voltage, voltage, viscosity, and surface tension. Bias is the mean velocity value of the training
dataset. @&dient boosting trees make dissimilar contributions for different datasets, although the
bias remains the same for all. Ttable's right sid shows aggregated boosting estimation for
voltage 44V as 4.468 m/s with an accuracy of 91.1Phé. featurecontributions are different for

two different test data points they are arranged based on their overall impact. For both tests,
there is a noticeable impact of Voltage, Echo Voltage, Pulse Duration, and Nozzle Orifice. The
first test result is less thdhe bias as the positive impact of less significant material features is not
able to counterweight the voltage, dwell time, and nozzle effect. For test 02, Echo Voltage plays a
more critical role than voltage, pulse duration, and nozzle diangetéine bas is not pulled down

much by other features. FiguPe5(c) depicts the top 20 rules for velocity prediction extracted
from the ten boosting trees by the Molnar rule fit algorifhB8]. These rules multiplied with their
coefficients and summed to get the final prediction result out of the features. Notably, the Voltage,
Nozzle Orifice, Pulse Duration constitute thwst essential prediction rules. The importance

column shows the percentage of data beingctdteby the corresponding rule.

a ) EchoVoltage = -32.5
mse = 4.06

samples = 100.0%
value = 2.6

True False

Density_p= 11155 Viscosity_n= 1.88
mse =55 mse =243
‘samples = 28.9% samples =71.1%
value = 3.95 value = 2.05
= Decision Path For Hexanol

4 y
mse =4.19 mse =1.9 ECho,:,/:;tigg §1-27.5
samples =11.3% samples = 15.1% samples = 56.0%

value = 3.77 value = 1.17 value = 2.28

Tfall=12.0
mse = 1.96
samples = 454%
value = 2.56

Viscosity_n = 8.68
mse = 1.65
samples = 34.6%

value = 2.9

mse = 2.05
samples = 10.6%
value = 1.09

mse =143
samples = 10.8%
value = 1.48

mse = 1.59 mse = 1.59
samples = 17.1% samples = 17.5%
value = 3.13

value = 2.67
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b) Drop Velocity (score 2.195) top features Drop Velocity (score 4.468) top features

Contribution”  Feature Value  Contribution” Feature Value
+4.854 <BIAS> 1.000 +4 854  <BIASs 1.000

| *0.929 EchoVbltage SRR +1.996 EchoVoltage -44.000 |
:gg;g \'}’iz';f)'gt—i’n ' 'Zggg +0.798  SurfaceTension 24.500
20003 Tree 2.000 *0.570  Density_p 1216.000
0002 Tfal 2000 +0.143  Trise 2.000
-0.051  EchoTime 10.000 +0.018  Viscosity_n 4.830
-0.083  SurfaceTension 24.500 -0.033  EchoTime 10.000
-0.104 __ Frequency 1000.000 -0.105  Frequency 1000.000
-0.727  NozzleCOrificed_m 30.000 -0.724  NozzleOrificed_m
-1.397  PulseDuration 5.000 -1.447 \oltage 44.000
-1.728  Voltage [36.000] -1.602  PulseDuration 5.000

Most Important Features

Test 01: Original Velocity-2m/s Test 02: Origmal Velocity- 4.9 m/s

c)
Rule ¥ eoef | ¥ importan .
Voltage == 59,83 & Voltage <= 475 -1.815738 0.851
Voltage 0.0204548 0.644
PulzeDuration 0.0424258 0.574
Vaoltage = 59.83 & NozzleOrificed_m = 74.67 & Voltage = 109.78 & Frequency = 1310087 & Frequency == 21083.01 34106927 0.563
Frequency > 16834.33 & Voltage = 59.83 & NozzleOrificed_m > 74.96 & Frequency <= 1191480 1356408 0.4%
Frequency 7.60E-05 0446
Voltage == 49,33 & Voltage <= 59.83 & Trize = 115 & Voltage =175 -1.6051573 0,427
Voltage » 59.83 & NozzleOrificed_m <= 855 & NozzleOrificed_m > 74.96 & Frequency <= 16834.33 0.9629144 0411
Vaoltage = 59.83 & NozzleOrificed_m = 74.67 & PulseDuration <= $4,33 & Voltage == 109.78 & PulzeDuration <= 4153 & PulzeDuration ==43.93 16514072 0.372
Voltage = 59.83 & NozzleOrificed_m > 855 & NozzleOrificed_m > 74.96 & Frequency <= 1683433 127356849 0.366
Frequency <= 13100.87 & Voltage = 59.83 & Voltage = 109.78 & NozzleOrificed_m = 74,67 1.2460917 0.312
PulzeDuration = 54.33 & Voltage = 59.83 & Voltage <= 109,78 & NozzleOnificed_m = 74.67 -1.7946383 0.300
Frequency <= 2013.37 & Voltage == 67.90 & Voltage > 59,83 & NozzleOrificed_m ==74.96 -1.8330304 0.262
Tfall 0047137 0.137
Echolime 0.0171288 0,230
Frequency > 201237 & Frequency = 1714745 & Voltage = 39.83 & NozzleOrificed_m <= 74.67 13945776 0.110
Voltage == 59.83 & Voltage = 47.5 088773447 0.10
Voltage = 59.83 & NozzleOrificed_m > 74,67 & PulseDuration <= 84,33 & Voltage <= 109,78 & PulzeDuration = 43.93 0.6875505 0.190
Vaoltage == 49,33 & Voltage <= 59.83 & Voltage » 17.5 & PulzeDuration == 5.} -1.2498125 0.169
Frequency <=3012.37 & Voltage = 59.83 & Voltage = 67.90 & NozzleOrificed_m <= 74.96 -0.9699072 0.139
SurfaceTenzion 0.0145887 1138
Voltage == 49,33 & Voltage <= 59.83 & Trize == 125 & Voltage == 175 0.7042801 0,095
Voltage == 7087 & Voltage =59.83 & NozzleOrificed m == 74,96 -0.5090087 0.073
Tfall = 17.5 & Voltage = 175 & Voltage <= 49.33 & PulzeDuration = 5.0 & Voltage <= 53.83 -0.4037398 0.069
Trise 0.0195856 0.067
Density p 0.0003063 0.054
NozzleOrificed_m -0.0008302 0,011

Figure 2-7: Drop velocity prediction interpretation. (a) Exampléecision tree for velocity
prediction. (b) Bias and features contribution interpretation ofipred result ortestdata from

[8] for gradientboosting. (c)Top 20 Rules extracted from 10 gradient boosting trees.
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The three tredased regressive models exhibit having difficultpiadicting zero values.

For some attribute values, there is a distinct region where no drop ejection occurs, and velocity is
zergand the model performance deteriorates. Thi
the jetting regMoht i(plSée nDt ep®) owibt h a si mpl e
intermediate regression values are multiplied with the classifier output, as in the algorithm shown

in Figure 4d. The final multiplied predicted velocity exhibits lower RMSE. To confirm that the
predicted otput agrees well with the real experimental resultsGBemodel's pedicted output

was plotted against experimental data for the whole daRselicted velocity and test velocity

agree well (se€igure2-8(a)), although there is some residuaggtiction error (0.398 m/s). GB is

proved to be more dynamic and better for handiempew GO ink tesdataset having a viscosity

8.7 cp, surfacaension 57.96 N/m, and density 1232 kg/m3Figure2-8(b), the lowest RMSE

velocity model (GB) is validated with GO ink. The predicted velocity displays a linearvigmd

voltage, and the difference between the measured and predicted velocity is within the mentioned
RMSE (0.398 m/s) of the gradient boosting model.

The test results from the tuned simple decision tree, gradient boosting, and random forest
models RMSE & deviated by 1.55 m/s, 0.398 m/s, and 0.45 m/s from the measured velocity,
respectively as shown in se€igure 2-8(c). DT prediction result is the worst as the difference
between test and train RM$&large This is also a sign @omeoverfitting, which might arise as
the DT doesnét dranetessucheaghelbaanng rate RF i® muchpbetter than
DT as it selects features randomly during prediction, so the training and testing errors are pretty
close. It means that it is less likely to under or overestimate the output for new untiziasets
GB's additional regularization term and weight updatp avoid ovefitting and result in the
lowest test RMSE among these three models. Bds two models (RF, GB) efficienciese
enhanced byurther implementingsimple ensemble methodsoting, averaging and weighted
averaging. Irthecase of voting, the test predictions from the random forest and gradient boosting
are regar gdgednals maywtresy voting has been adop
prediction output. The Voting Reessor module of Sciklearn[142] is used as the voting model.

For averagingitwo repressors' training and test reswte averaged separately to calcuthee
training and test RMSE of the averaging model. And for weighted averaging, three weight
optimization techniques are deployed to minimize the final prediction RMSE. Three used weight

optimization methods are Neural Network, RMSE Minimization, and RandorstF@veights are
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allocated on the two best base models depending on the algorithm used for weight assignment.
The predicted final output is calculated using the equéBbrwith the RF and GB test prediction
results and their optimized weights.

Weighted Averamg= weightl * Gradient Boosting Test Prediction+ weight: (31

RandomForest Test Prediction

For neural network weight optimization, the number of hidden nodes in the input layer was

set to three, and the output node was set to one. The test prediction results ftam libee
models are fed thrah the input layer, and the prediction frora thutput layer is compared against
the test dataset to calculate RMSE. For RMSE minimization, the RMSEe afutput from
equation (13) output minimized through funicn SLQP (Sequential lineauadratic
programming.an iterative optimization method for nonlinear problems) Neldead functions
against the test dataset. The wegghtesult from different weight optimization techniques is
shown inTable2-1. From the weights optimization of different algorithritee gradient boosting
has more weight among the two base atedndas the lowest test RMSE. Averaging and voting
havea similar RMSE of around 0.33 m/s. The most exciting part is that weighted averaging is the
best of all predictive models with the lowest RMSE and smaller residuals.

Table2-1: Optimized weights on different models for avenagaccording to equatiof81).

Model RF Weight(w1) GB Weigh(w2) Best
(Test RMSE 0.455) (Test RMSE 0.398) Score
RF Weight 0.444 0.556 0.354
Selection
NN Weight -0.528 0.794 3.8609
Selection
SLQP Minimized 0.433 0.567 0.3380
Weight Selection
Nelder Minimized 0.527 0.475 0.3163
Weight Selection
Simple Averaging 1/2 1/2 0.3267
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Real Vs Predicted Velocity For Gradient Boosting
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Figure2-8: Velocity prediction models comparison. (a) Predicted velocity and real drop velocity
relation justification for DT drop classification (0/1) resultltiplied with GB velocity regression
(Figure 4b model) from lab data. (b) Validating gradient boosting with untestedk3©0) Test

result comparison of different weight optimization models.Tl@@ four most promising models
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The training and test RMSE of the single and weighted averaging models are gathered
Figure 2-8(c). When the weights are chosen by applying the RMSE minimization method, the
prediction output improves. The small difference between the train and test results indicate
compliant over and wferfitting tendencies. The averaging and voting techniques do not
outperform them. The prediction residuals of thwe individual models(Random Forest and
Gradient Boosting) areore significanthan the three weighted averaged models (weighyed
SLSQP, Nelder, and Random Forest). Neural regression is the worst to find out the specific weight
for base modelswWeighted averaging techniques RM&Hower than the GB, RF modeheir
main advantages are evidentigure2-8 (d). Randomly 20 data points are taken out from the test
samplesand the difference between the real drop velocity and the predicted velocity of the five
best models are plotted. Plotting @bt prediction residual is avoided as makehallengingto
realize the significant difference. Sample data point 2,3,5 reveaéxeting fact While any of
the RF, GB model is making a bad prediction, any of the weighted averaging, voting, or simple
averaging produces lower RMSE. Weighted averaging can bring in a better predictioase
any or both of the GB, RF modeisedictwith high residuals.

2.3.2.Drop Radius Prediction

Drop radius is a better quantitative estimation of drop size than volume. It was measured
through a graptbased blob edge detection algorithm from the processed drop images. The
estimated error of radius from the imagas around £5% in micrometers,tbe converted volume
includes an approximate error of 15% in pL. For the regressive estimation, the same 11 features
(Voltage, Echo Voltage, Echo Time, Rise Time, Fall Time, Pulse Duration, Nozzle Diameter,
Frequency, Viscosity, Density, and Surface Temsivere used. The main challenge was that our
lab data consists of primary and secondary drop volume. Here, primary denotes the main droplet.
The secondary drop volume occurs due to drop breaking or multiple drop phenomena such as
satellites as shown irFigure2-1(b). This aspect is missing in the literature data; it contains the
total volume (Primary drop volume Secondarydrop volume). Therefore, the volume was
conveted to total radius. It was assumed that there are no secondary drops in the literature data,
and they were merged with the lab dataset. Like velocity estimation, ten general models were fitted
and tested on the dagashown to identify which model kgest for total and primary drop radius
prediction. The total resufor radius prediction is found to improve by multiplying the results

from classification and regression trees, as showirigure 2-5(c), similar to the velocity
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prediction modelAfter this exploration, it was evident that the secondary drop radius is erratic
and does not maintain an interpretable relationship with the signal and tgahzrameters.
Although total and primary drop radius exhibit great train, test prediction results with three tree
based regressors (Decision Tree, Gradient Boosting, Random Forest) preseriairby
2-9Figure 2-9: (a). Weighted averaging was also adopted on the two best sn¢@ehdient
Boosting, Random Forggdescribed by the equati¢dl). The weightoptimized by SLSQP is the

best with the lowest total radius prediction RMSE of 2.91 mlike velocity, most of the weight

is given on GB (0.85) and rest on RF (0.16). This weighted averaging is effective for total drop
radius estimation. However, majiyrivoting among GB, RF tends to give better refolt primary

drop radius prediction. The collected test and train RMSE of each of the models are shown in

Figure2-9: (a).

a )I‘est, Train RMSE For Total and Primary Drop Radius Prediction
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Figure2-9: Drop radius prediction result. (a)Training and test RMSE for total and primary radius
predictors. (b) Random forest tree interpretation for primary radius prediction. (c)Validating

random forest drop radius model with untestedi@Qlata.

After the RF las made the radius prediction, we would like to know how the model came
to this decision. RF is composed of a numbguarhlleldecision treesand it is quite impossible
to comprehend the regression output by examining each tree. Each radius prediction i
decomposed into contributions from each feature and bias given by e@@tigh sample
primary drop radius prediction is shownkigure2-9: (b).
Predicted Total Drop Radius = Bias (Mean Total Drop radiugaihihg Dataset) + (32
Summation of 11 feature contribution
Pyt hon paicrktaerepudedtfram@ithubithat adopts the saneguation(32)
for feature contributioexplanationFor everytestdata pointthe contributiorof each feature is
notfixed; rather,it changes according to the features while being traversed along each of the tree
decision patk. How mucheach feature contributed to tto#al or primary radius summarizes that
we need tdweak viscosity, echo voltage, fall time, and surface tension more than the other features
to obtain a noticeable impadh the case of a new dataset, this analysis reveailsh features
contribute most t@any expectedor unexpectedehavior.This is paticularly important to check
the differences between two test data sampjesomparing theibias (mearprediction$ and

corresponding average feature contributidfsr a sample éstdata the bias andeach feature
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contributions are broken dovimTable2-2. There is a clear difference between velocity and radius
prediction in terms of feature contribution. For velocity, the important contributions are from
voltage, echo voltage, pulse duration, and nozzle orifice for theamgils. RF primary radius
prediction gives relatively higher importance to viscosity, echo voltage, fall time, and surface
tension values. Theadius prediction modetas evaluated with untested GO ink datiaplayed

in Figure2-9: (c). GO ink predicted radius maintaialinear relationship with the test voltage with

aminimd residual error from thexperimentallyneasured radius

Table2-2: Bias and contribution for radius prediction.

Features Value Contribution Decision Path
Bias 28.6 0 28.6
Trise 3 0.07 28.6+0.07
Density 696 0.58 28.6+0.07+0.58
Viscosity 1.72 -8.41 28.6+0.07+0.58.41
Echo Voltage -30 4.18 28.6+0.07+0.58.41+4.18
Frequency 1000 0 28.6+0.07+0.58.41+4.18+0
Tfall 3 3.44 28.6+0.07+0.58.41+4.18+0+3.44
Pulse Duration 15 1.53 28.6+0.07+0.58.41+4.18+0+3.44+1.53
Voltage 30 1.75 28.6+0.07+0.58.41+4.18+0+3.44+1.53+1.7
Surface 42.8 2.27 28.6+0.07+0.58.41+4.18+0+3.44+1.53+1.7
Tension +2.27
Nozzle 60 0.31 28.6+0.07+0.8-
Orifice 8.41+4.18+0+3.44+1.53+1.75+2.27+0.31
Echo Time 30 0 28.6+0.07+0.58
8.41+4.18+0+3.44+1.53+1.73.240.31+0.0
Primary 33.41um Predicted Result = 34.31 micremeter
Radius
|
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2.3.3.Jettability Prediction

Moving forward with the exploration of a stable jetting configuration, preprocessed lab
collected data has been categorized into three cldsbee Ej ect i ondndo8Mobt eplL
Drop. biterature data does not have a clear indication of the jetting Bgpéehey were not
incorporated in building this model. A thrésyer DNN (Deep Neural Network), a decision tree
classifier and a Knearest neighbor classifier are traired80% of the data and validated by the
remaininguntested data (20%). The classdfiion accuracy ahetest dataset of these models are
reported inTable2-3. DNN outperforms the rest data models with its higher test accuracy. The
confusion matrix for the best classifier (Neural Network) is plottedFigure 2-10(a) to
demonstratéheclassification performance parameter. The fiype (Multiple Drop) is tested with
66 actual data points, and the model accurately predicts 63. However, 3 (2.42%) of them are
incorrectly | abBhednaxt 6Fn agp e ON@ pEj ecti ond ¢
2 (1.61%) are classified e@m e ous | y. Out of 40 6Singlel Dropod
(0.81%) as ONo ejectiond and 4 (3.23%) as O6Mul
error of 8.06%. A classification report is considered to be the best way to monitatdgerzing
performance of the final prediction algorithm. The report is showirabie2-3. Precision, recall,
fl-score, and accuracy as in equatidB8)-(36) are stated for each group concerning four

outcomes: True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).

Precision= (33
Recall= (34)
F1-score= - (35
Accuracy=———— (36)

Table2-3: Comparison among several jetting classifiers.

Model Name Accuracy
K Neighbors Classifier 78.23%
Decision Tree Classifier 83.87%

Neural Network 91.94%
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Confusion Matrix

a) Multiple Drop

precision  recall fl-score support
No Ejection MultipleDrop  0.94030 0.95455 8.94737 66
NoEjection  0.94118 0.88889 6,91429 18
SingleDrop  0.87500 0.87500 6.87508 4

Prediction Result

SagleDrop 3 Lo accuracy 0.0193% 1
macro avg  0.91882 0.90814 9.91222 124
o = m weighted g 0.915% 0.91835 09192 1%
Column Sum 93.45% §8.89% 87.50%
4.55% 11.11% 12.50%
Multiple Drop No Ejection Single Drop
Actual

Figure2-10: Jetting Classification Resutr the neural network(a) Jetting Classification

Confusion Matrix. (bClassification Report.

All of these metrics are measured with the Sdidtrn metricpackagg¢l142]. Among these
three cl asses, OMul ti ple Dropé predicti,on res
and fkscore. This means that it has higher TP and lower FP, FN. Therefore, the rate of
mispredicting not multiple dragto multiple drogs or multiple drog to not multiple dropis very
low. F1 Score being the weighted average of precision, recall is higher because of the low FP, FN.
From Figure &), it is observed that among t hebd 6673 pol
el ements are appropriately | abeled, and that ¢
classification report. And the first row of the confusion matrix, the predicted class labels show 63
correct forecasts and four misinterpretasionf 6eSibhrgdp, 6 and it makes t|
94. 03% in the Figure 8b r eporbeéstcor@diyrecégnized t i o n ¢
positive instances. DNN predsatorrmultiple jetting class into multiple jetting, with a higher FN
value. The F1 scerfor this class gets lowered with the low recallvailu& i ngl e Dweo p d h a:
precision, recalland cuts down the F1 score with high FP, FN rate. It is because the DNN is
misclassifying nossingle drops to single drops and single drops teswgledrops. F1 is giving

more insight than overall accuracy here.
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All the output results are gathered to forecast a jetting window. In the inkjet printing
literature, several types of windows have been proposed defined by pairs-dimensional
numbers comiming material parameters as well as drop velocity, mainly Reynolds number (Re),
Weber number (We), Capillary number {Caettable conditions are enclosed in a window, as
shown inFigure2-11(a) for CaWe fromtheliterature[125]. Each material follows a straight line
as expected. It can be observed that our lab data generally falls into the window as expected.
However, there are some data points with multiple drops within the perdhgped jetting
window, whc h shoul d only contain single drops. N o
plotted because of the log scaling of the capillary and Weber axis, which both depend on velocity.
The challenge with using such jettability windows is that data points ofnbe plotted
retroactively after drop velocity was measured experimentally. With the predictive model
proposed here, drop velocitgnd jettable conditions can be predicted before conducting costly

experiments, as shown kigure2-11(b).

a) Optimized Rheology profile by Ca-We

MaterialName
@ Toluene
£ Silver0.1
' Silver(.2
TGME
Hexanol 1
Silver0.3
IPA
MethoxyEthanol
EG DI 0.5
Jettable
® No Ejection
Multiple Drop
Single Drop

100-

Capiliary Number
=

10—2_

10-1 100 10! 102
Weber Number
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Predicted Rheology profile by Ca-We

MaterialName
Toluene
Silver0.1
Silver(.2
TGME
Hexanol 1
Silver0.3

IPA
MethoxyEthanol
EG DI 0.5
Jettable

@ No Ejection
# Multiple Drop
B Single Drop

100_

,_
=
iR

10—2_

Predicted Capiliary Number o

0 w0 10 1
Predicted Weber Number
Figure 2-11: (a) Actual jetting window constructed with collected lab data owee different
material setting (b) Predicted jetting windowreated with the calculated Wsnd Ca using
predicted drop velocity frortheneldermead weighted averaging model over the same lab dataset.
Linear boundaries are adaptedh permission from (Nallan, H.C., Sadie, J.A., Kitsomboonloha,
R., Volkman, S.K.and Subramanian, V., 2014. Systeimdesign of jettable nanopartietased
inkjet inks: Rheology, acoustics, and jettability. Langmuir, 30(44), pp.2384@7) Copyright
©2014 American Chemical Society.

The predicted jettability agrees well with experimental results. A few no eje@s®ss C
(circular points) are plotted, which is a misclassification. This generally occurs for minimal
velocity in the low WeCa region. Multiple drop prediction generally acs for large velocity
values beyond the single drop regime. However, for tol(mméhe lower boundary line) the single

and the multiple drop prediction regeare mixed.

2.4.Conclusion

With a goal of i nvestigating electrical
DOD drop velocity, volume, and jetting type, several macl@aming models have been deployed
successfully. The theoretical jetting window is not very accurate for classifying the jetting type,
and it also requires measurement of drop velocity experimentally. Our model can predict velocity
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very closely, and so isipossible to omit that experimental part and jetting classification can be
obtained from the signal and material features only. The predicted jetting window can be obtained
beforehand to yield significant insights for the optimization of the patterinditcmms and ink
material designing. For example, a neural network mbdét on material and inkjet signal
parameters can help classifying drop behaagstable, satellite drop, drop breaking, no ejegtion
andso on with untested materials asignal values beforehand. We have applied ensembles of
models to predict the drop velocity and total radius of 12 materials and observed root mean square
error of 0.363m/s and D1um, which is very close to the experimental and literature value and
predcted the jetting category with 91.94% accuracy. The models have been validated with an
untesteds0 ink dataset. Collecting data with some more diverse material properties will help us
infer the model output results and implem#rgm at the industrial l&. At this stage, we can
predictthe DOD droplet generation mode. This work can be implemented to continuous droplet
generation methods like dripping, jetting tip streaming, and so on with enhanced features. Then
we can switch our focus on other typespointing like electrohydrodynamic printing, aerosol

jetting, and so on.
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3. Chapter 3: Machine Vision Methodology for Inkjet-Printed Pattern Generation and

Validation

3.1. Introduction

Inkjet printing technology for printed microelectronics suffers from a nunobaon
idealities due to unwanted ink flow on the substrate. This can be mitigategattern fidelity can
be optimized by using an optimized drop placement sequence in contrast to the standard raster
scanning approach. However, it is challenging tto-generate such printing sequences for
complex printed patterns. Here, the generation and evaluation of the printing sequence are turned
into a computewision problem. Inkjet printing, as illustrated ligure2-1(a), allows patterns to
be customized othefly. Thedesired printed pattern is taken as an input image and converted into
a printing sequence using contour, symmetric, and matrix sequencing, and corner compensation.
After printing, pattern defects are detsttoy automated image processing to evaluate it against
the designed ground truth image and to determine the best possible algorithm for printing sequence
generation. The machine visitmased experimental approach identifies the best solutions for
solvingthe printing and defect optimization problem in terms of precision, recall, and accuracy.
We show here for industrial flexible electronics manufacturing facilities, visased defect
routing yields higkresolution devices enabling any shape at any ggteng printed on the fly.
The visionbased electronics printing workflow is shown as a flowchaRigure 3-1. The first
step in the pattern generation process is to design the desired patterns, i.e., the ghquattEinos
using familiar drawing tools (Microsoft Paint, Adobe lllustrator, Electrical Comphiged
Design (ECAD)) with specific print dimensions in the pixel scale. Each pixel in the image
represents a drop from the printer. The drop spadd&P is userdefined.DSPvaries with the
printed material (polymer, nanomaterial, conductor, semiconductor, insulator, etc.) and substrate
on which the material is printed (glass, polyimi@®l), polyethylene naphthalatéPEN),
polyethylene terephthala{®ET) ett.). The generated images are save@ &dack and white
digital imagefor the next sequencing step. The goal is to determine the order in which the printer
prints the drops (i.epixels) in the pattermAs shown inFigure3-1, in contrast to traditional raster
scanning, four different vector sequencing models are impletiensing computer vision
processes. The final output of the algoritigrrelative coordinates between subsequent drops,
which defines the drop order or sequence for the practical printing on the substrate. The success is

evaluated during and after printing, on and offline, using image segmentation, and the number of
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printing defects is quantified using precision, recall, and accuracy against the designed ground
truth pattern. This evaluation scheme could be employed in manufacturing to determine if a print
has acceptable quality or if there are defects. Depending on the tgpeps (filled, noilled),

scale (10X10 pixel, 12000X12000 pixel), and the used substrate and inks, an acceptable inaccuracy
threshold can be set after initial printing experimemis dgpending on the application

VISION BASED AUTOMATED PRINTING

Capture
Image & Video

AN
7 <

Draw Ground ¢ *
Truth |
anLIeees Still Picture Video
| Processing

Test Image

>Threshold <Threshold

Figure 3-1: Workflow for automated electronics printing using machine vision. Drop sequences

Ground Truth
Image

are generated with different vector printing methodologies and used for printing. Different

methodologies are evaluated by processing imaiihe @rinted patterns
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3.2. Methods

3.2.1. Detection of Important Input Features

From the fluid mechanics perspective during printing, the rasséntialfeatures of a

printed shape are corners, orientation relative to the print direction, edges, and contours

[157][158][159]. Pattern optimization strategies are explored here to reduce printing defects by

engineering the printing sequence based on these featbheefeatures need to be identified from

the drawn ground truth image in terms of the best image processing descfipgotith image

may be binary, colored, or grayscale and need to be processed thistaghardore-processing

pipeling aspresentedn Figure3-2. Each processed layer is converted tme channel grayscale

image. This step ensures that differanageformats (single omultilayer, RGB orgrayscale)

become appropriate for the next common processing stepshifi@ig image is therusedas

theinput for raster or vector sequencing.
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Figure3-2: Common preprocessing pipeline
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Neighborhooebasedperations are performed on each input pixel and its surrounding area to
calculate and combine edge, contour, and corner features during vector sequensinglutes
different filtering operations with specific kernel sizes and weiditiyes are coniuous or
discontinuous pixels defining the physical extent of an object representing the maxima of intensity
gradient obtaineftom edge detection techniques. Contours are a fit through the adjacent pixels of
the detected edge map to locate the coordiraftése meaningful boundary of an obj¢t68].
The performance of contour detection is solely dependent on the previously detected edge map.
For a discontinuous edge map, detected contours will be interrupted as well. The pigdect e
detectomwas found after running seveialthemon test patterns to ensure that the detected contour
is perfect with continuous X,y coordinat@atterns exhibit better printing results when the outline
is printed beforgrinting the drops insideThe contourcreatesa boundary for the interndluid
flow. Printing it first makes the edges smooth&he background is always white and the
foreground shape to be printed is black. A detector pipeline has been established to execute each
of the distinct algorithmsSeveral detectors have been implemented to identify thesbiéstl edge
detector, as prested inFigure 3-3. For filled shapes (lines or rectangles that are more than one
drop wide) and line patterns (lines that are one drop wide), thedsdie meaningfully different.
Many edge detectors have been developed in the past, some based on the first derivative of the
image (Sobel, Canny), some on the second derivative (Laplacian of Gaussian [L&Y()58].
We studiedfilled and line patterns that asgnallscale(only afew drops) and largscale The
Canny edge detector performs poorly for all pattern typssshown inFigure 3-3(a-c)(ii).
Following calculation of thederivative, itdetectsedges by agging nonmaximum suppression
(discard pixels with a gradient less than its neighbtinsesholding, and filtémg out weakedges
that are not related tstrong edges by hysteresig-or improved Canny edge outputs, the
thresholdng requiresintense optimization. For all of the three pattern types, this results in irregular
edges, and the intersections are lost. The Cadgg map loses corners, junctions. For the farge
scale spirashaped case, it misses numerous points on the edge map. Sobel edge detection uses
the first derivative of the image with linear filtering. It combines horizontal and vertical filtering
to locae the edges at the maximum and minimum \&abighe first derivativg157]. It behaves
more like Cannyexcept it doesn't apply nemaximum suppressido differentiate between thick
and thin edges. The obtained edge mamisediced to a single pixel boundary and not capable

of identifying a distinct contour. Instead, it results in multiple segregated contours, as shown in
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Figure3-3 (a-c)(iii) . LOG detects edges from zero crossings of the second derivative of the image
as in equatior{37). Figure 3-3(a-c)(iv) shows it localizes edges, including cornese| for all
image scales, both filled and line pattetr@@G perforns bettethan Canny and Sobel to recognize

horizontal, vertical, andotated edges.
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Figure3-3: As a basis focontour fitting edgesdetection of a variety of possible patterns a) small
scale filled shape, b) smaltale singldine pattern, c) largscale filled structureemploying

several edge detectors ii) Canny, iii) Sobel, iii) Laplace of Gaussian.

Therefore, LOG is chosen for contour fitting going forwafch el i mi nat e L C
inclination to noise, the image is smoothed with a Gaussian filter (eqa8grbefore applying

the LOG. Blurring removes noise from the image and creates a defined transition from low to high
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pixels around the edges. Thémese edges asdficiently recognize by the Laplacian of Gaussian

operation.

p w oW, (37

I (39)

Next, for pickingup corner information from the whole pattern, Harris corner detection is
found to work best. Two widely used corner detection schemes, cdrdsed and intensilyased,
have proven consistent for detecting corner coordinates precisely. Our applicgtioesresliable
corner detectors with low parameter dependency and without a priori knowing the exact number
of corners present in the ground truth image. Despite having the contour information from our
feature detection steps, corner extraction from thetar fitting is not ideal as it requires
knowledge of the exact number of candidate corners along with prior knowledge of contour type
(closed or open) to localize them correctly. The interAsityed Harris corner detector does not
require knowledge ofhe number of corners, contour pattern, and is also computationally much
faster. It is independent of local features and noise, and it can be improveddoyrseibgrouping
and thresholding. All of the sequence generation algorithms are developed b#sesti@mature

information set.

3.2.2. Drop Sequence Generation

Distinct vision algorithms are developed for each uniduap sequencing methodith
recognizedand extractedfeaturesfrom the ground truth imageThe designed pattern is
represented ithe form of a pixel matrix where every pixel represents the location of a drop. For
generating a printable drop sequence, the original pixel representation is manipulated using point
and neighborhood operations. The dreguence is a set of relative coorates (x; y) between
successive drops. The most conventional technique for inkjet printing isseatdrased printing
where the pattern is printed line by line ($8gure 3-4 (b)); however,it can lead to defects for
printing in different orientations (rotated patterns at the micrometer stakeyaster approach to
electronics printing does not work well for intricate patterns with rapid edge and corner transition
Raster sequencing is a point transformation as the output pixel coordinate sequence is determined

solely as a function of the input pixel value (0 or 1) corresponding to that loc@bonersely,
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vector sequencing incorporates both point and neighbdrloperationdor identifying edges,

corners, ad contours feature vectdis generate sequence out@g shown irFigure 3-4(c-f).

e
cEL

Figure3-4: a) Input image that is printed with different drop sequencing methods: b) Raster pixel

sequencing. The printer always psrmne entire column before moving anthe next column. c)
Parallel filling vectorization. The printer first prints a boundary and thendiithp insidewith a

raster pattern. d) Radial filling vectorization. The printer first prints an edge and tken the
center in a spiral path. e) Vectorising using radial filling but with symmetric drop sequence. f)

Corner compensation deleting corner pixels and filling with raster sequencing.

3.2.2.1Parallel Filling Vector Sequence Generation
With the parallel filling methodthe border of the pattern is printed first before filling the
insideto reducebulging and irregularities the outline of the printed patteriihe pattern outline

(in computer vision termsontour) is significant sce it defines the shape and encloses the
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boundary for the ink fluid flow. It exploitsontact line pinning as the outliséarts todry before

the inside of the pattern. The poeocessed image edges need to be detected as the first step to
implement boundry filling. As described inFigure 3-3, LOG capturs the complete edge
information well and is used agreliminary step for both parallel and radiahtour filling vector
sequencingThe detected edges are fitted to form complete contours. Contour coordinates are
extracted in a clockwise sequence and saved in a text file, as shéwgune3-5 (a-e). The border
contour is detached from the original image, and the remaining pixel coordinates of the subtracted
image are colleted with the raster conversion method. Finally, the boundary and inside

coordinates are merged and converted to relative coordinates and stored-aasetdxbmmand

file for the printer.
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Figure 3-5: Parallel and radial filling pixel sequencing steps. a) Designed patjebetbcting

edge and fitting contour through the border pixels. ¢) Extracting the boundary pixel coordinates
(x,y), collecting them clockwiseand calculating the relative coordinates using drop spacing. d)
Subtracting the edge pixels from the ground tmrtage to get the difference image. e) For parallel

vectorization, the difference image pixel coordinates are extracted through eolajomorder
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based raster sequencing. f) For radial vectorization, border pixel coordinates of the difference

image are mmoved recursively and merged together to generate the final relative coordinates.

3.2.2.2 Radial or Spiral Filling Vector Sequence Generation

Radialfilling sequencing undergoes the samexessing, edge localization, contour
finding, and border subtractirag parallel sequencing. The main difference between the algorithms
is that the border contour is detected and removed continuously from the original image in a loop
until a blank image is formed. Each time, contour coordinates are merged with the poeesous
(seeFigure3-5 (a-d,f)). In the end, relative coordinates are calculated and saved as a printer intake
file. For filled shapes (i.e., more than adrep wide patterns), radial and parallel sequencing result
in different printing sequenceand the print result can be dissimilar; however,-hited forms
(.e.,onedrog hi ck I ine) dond6ét have maglencesthésmmedront our

both algorihms.

3.2.2.3.Symmetric Vector Sequence Generation

Inkjet-printed pattera oftenbulge at the beginningf line andintersectiondetween lines.
This arises fronthe Laplace pressure difference between the already printed track@néwly
addeddroples. Consequently, linewidth can be very dissimitathoseregiors. Bulging can be
avoided witha segmentedndsymmetric printing methodologyn conventionakasterprinting,
drops are positioned one after another along the pattern lineuvitbntrolling for pressure
imbalances, which cadistort the printed pattern with irregular bulginhe imbalancecanbe
considerably improved by fragmenting singl®p wide line patters into threedrop long
segmentsAt the startthe outer twadrops of each segmerdreprinted thenthe central drop so
that it does not experience a pressure gradient due to the symmetry of the sBgbsatuently
the threedrop segments an@ined with a connectingdrop. The pattern segments get linked

maintainingpressure equilibrium on either side of the pattern.
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Figure 3-6: a) The top row showbulging at regular intervals whenliae of fourteendrops is

printed with araditionalrastemprinting. The bottom rowdisplays symmetricsequening of fifteen
drops with three segments and three connecting dod&/mmetric pixel sequencing algorithm.
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Figure 3-6(a) displays raster and symmetdcop ordering. Raster follows constant drop
spacing DSP in all directions, while symmetric has two distinct paramef@&Rand connecting
drop spacindCDSP) anda differentdropletprint order, asshownin Figure7(a). DSPis used
within each segment of three dropsd MSPis usedbetween two consecutive segments. The
second drop isvo DSPaway from the firstirop,and the third drofs placedn the middlebetween
the first two. Thenthe next segment startstivthefourth drop plaedat ©SP+2CDSP) distance
relative to the center of the first segment (the third drop), leavii@SERvacant space between
two segmentdor a connecting drop to be filledfter all the segments have been printed. The
connecting drps controk the fluid flow and evaporation rabetweernsegmentsPrevious work
has experimentally shown thaDSP should be smaller thadSP, and the optimum BSPvaries
betweer0.6and0.95 timedDSPfor different substrate and ink combinatidiis].

The entiresymmetric printing process is implemented using a vision pipshoevnin
Figure 3-6(b). After preprocessing through the regular pipelineFigure 3-2, the pattern to be
printed ispassedhrough the symmetric sequencing algorithfFhe symmetric pixel sequence
implementation is different for filled and ndiled casesA limitation of symmetric printing is
that pattern dimensions are constraint to multiples of segments of three dropsrpiesting
drops.Nonfilled isstesthathawe a closed contour, pixel scale design can be critical, as shown in
Figure3-7(b). |l f the number of segments doesndt matc
(x) and 3n+1 in the other direction (y), thime design outcome may lead to irregular shapes like
in Figure3-7(b)(i). Crossed drops are connecting drops with two EEative motion with the
previous and next drop. Figure3-7(b), a clockwise closed contour pattern printing starts in the
downarrowed ydirection with three CDSp relative movements. Then in clockwidiection, it
travels three CDBand in up arrowed-direction four CD®. Thetwoyd i r ect i on tr avel
face the same numberof CBSiovement , and t he ¢ihd stastingpoint.d o e s n.
Figure 3-7(b)(ii) pattern starting and ending point coincides with the 3n and 3n+1 limitations
maintained on y and-direction.

A limitation of symmetric printing is that pattern dimensions are constrained to multiples
of segments othree drops plus connecting drogslled forms are composed of multiple
neghboring lines in the same or alternate directid&®ch line in the same direction is extracted

separately and passed through the symmetric sequencingrstesundary cotour of nonfilled

81



patterrs is obtained using the parallel vectorizing sequence showkigure 3-5. The whole
contour is theprocessed witthe symmaic pixel vectorization routined network directed graph
is constructed with the generated coordinates as node data, and the distance between two
consecutive pixels the edge attribute for the filled and unfilled patsefinis graphdescribes the
printing schemavith the nodes as the center of each drop with dimensiothslrojg ordering

The schema ifrigure 3-6(b) splits the symmetric vectorization problem into two phases.
The constanDSP pixel map is transformemhto DSP andCDSP mapping, as shown iRigure
3-7(c)(ii), Figure3-7(d)(ii). The pixel space is mapped to micrometer space withpihk@priate
DSP and (DSP, considering every fourth pixel of the pattern array (Filled pattBaster
Sequence, Nofilled pattern Contour Sequence) asconnecting drop. The distarscef the
connecting dropfrom the previous and next pisare changedotCDSP, and the rest are set to
DSP. CDSPis smaller tharDSP, therefore, there is a shifting in the mapped pixel coordinates
shown inFigure 3-7(c)(ii) andFigure 3-7(d)(ii). Figure3-7(c)(i) is a netvork diagramfor filled
shape raster sequencifidnis should be taken into account when designing pattern dimensions for
symmetric and segmented printind\fter mapping, symmetric pixel ordering (1,3,2)is
implemened, as showim Figure3-7(c)(iii) and Figure3-7(d)(iii) . The procedure retains the fist
pixel coordinate at the same location. The previous coordihgte third pixereceives the second
drop. The third drop is printed in between at the previous coordinate of the secontragrentire
pattern coordinates are rearranged with this repeated sequence array interhadyweiight
tracking column. The column has a repetition of the sequence array [1, 4, 3, 0]. Every multiple of
the 4th index values having value 0 are treatethe ©SP, and they are reassigned values starting
from the total cumulative sum of that column. The column has value [1, 4, 3, 8]. Each set of pixel
coordinates is sorted in descending order according to this weight column, and the new index is
now 1,32,4. The pixel index having lower weight gets printed first.
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Figure3-7: Symmetric printing methodology with network graph plot. a) Ground truth image of
the filled and noffilled pattern. b) Design constraints for connected conAb@sed nofilled
shapes. c) For filled configuration, pixel mapping with distance transfamatd symmetric
ordering with DSP=140 um and OSP=0.7*DSP. d) For norfilled shapes distance

transformation, final pixel ordering in the micron scale with the da8and MSP.
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3.2.2.4.Corner Compensation

For filled shaps the patterns can bulge in the corneven though they are patterned
through vectorizatiorA potentialsolution to this problem is the deletion of some pixels from the
corner region before applying raster or vector sequencing. A vision strategy is adopted to
determine how many pixels shout@ deleted and from where. Initially, the original pattern is
loaded, preprocessed, and then filtered through a bilateral filter to blur the irfa@ipsved by the
Harris corner detection procedure. Subsequent thresholding and tuning are applie@tected d
corner positions to refine and get the exact coordindésen the designed pattern dimension
becomes small (approximately <15X15 pixel), the numbdetected corners might be more than
the real number and not in the precise location. kol €ases, the corner detection efficiency is
further improved with an additional distance measurement step to remove the extra corners within
a threshold distance from each other. It gives a reasonably accurate location of the corners. Finally,
the deteted corner pixels are removed from the design using a shift operation. The optimal shift
depends on the input pattern. Vecamd raster sequence subsequentlimplemented using the
algorithms described in secti@?2.2.1and3.2.2.2to generate the relative coordinates from this
compensated array for printing.

Cornersdetectedn Shifting 0 Shifting 1pixel Shifting 2 Shifting 0,1,
the original pattern pixel pixels and?2 pixels

Figure3-8: Corner compensation demonstration befapplyng sequene. Different schemes are

shown with varying numbers of drops removed at different positions.

3.2.2.5.Matrix Vectorization
Two different matrix vectorization deposition prograrhave been developed one

vectorizes patterrs block by block, another one is vectng each drop of matrix blocks
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sequentially. Each matrix block dimension is defined as the number of dropletsXratite Y
direction such as 4x4 or 2x2. Optimum drop spacing and block size have the potential to generate
patterrs with better resolutionTwo different dot sequencing has been adopted for further study,
within a single block antdetween multiple blocks.rBmising results hae been observed ithe
case of an entire block printing once at a tinecontrastfo droplevel printing between blocks
referred -levoeh&06 06 matut t[187] Figure3-2(&(ii) and Eigure &9 (h)(ii)
showschematic illustratiomof the2x2 and 4x4matrix vectorization print process, respectively,
at the block level. Considering the first printing starts at the ld@fecorner and ends at the upper
right, the first 28 meatntedbWwbth, aiBbdéolkio.d
finished, the stage Thke mooerd dmoopiBlac&k deposi
low-X, Y coordinates to high X, Y coordinates. The deposition is continued until the last of the
2x2 bBbokkl@do.

In case of filling up the matrix blocks drop by drop, as showhiguire 3-9 (a)(iii) and
(b)(iii), the first drops of the blocks are printed with sequdn2g,.., 12, then the second drops
start with the order 13, 14,15,16, ¢é,24. This cc
through sequencindlock-level printing, as inFigure 3-9(a)(ii) and (b)(ii) exhibitsimproved
patterns in the captured CCD image contrary to printed dots in between blocks-igsiran
3-9(a)(iii) and (b)(iii).
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Figure3-9: Schematic illustration of matrix vectorization block by bl@siddot by dot (a) (i) A
rectangle pattern of 6 drops-@rection) x 8 drops @girection) is sequenced with twelve 2x2
matrix blocks.(ii) Block by blockmatrix level drop deposition. The sequence of each drop is
denoted with a number written in blue on it. Once all the diopise same block are deposited,

the next block goes through the sequencingl @it the blocks are covered. (iipchematic
illustration of matrix vectorization dot by dot in between blocks. Each drop's order is denoted with
a number written in blue, amdd lines surround the matrix blocks. Each drop at the same location
of each block is printed sequentially before moving to the next locaflm(i3 A rectangle pattern

of 6 drops (xdirection) x 8 drops (glirection) is sequenced with two 4x4 and twal 2natrix
blocks.(ii) Matrix level block by blocKk4x4)drop deposition(iii) Matrix vectorization dot by dot

in betweex4 blocks

To extend the promising result, the border pixels of the designed pattéreemeaxtracted
andthecontour is fitted on the boundary. The pattern contour bas@elded tahe print file and
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then the rest is sequenced watimatrix-vector before attaching at the efdhile printing, the file
bounds the pattern edge structure first, and then the idsige printed as matrix helps improve
pattern structure. The distance between the drops inside the matrix and between the imatrixes
keptthesame and termed as drop cipg (DSP).Contour printing incorporated with blodkvel

matrix printing consideraly enhances edge as well as overall pattesmogeneity The two

processes are explainedrigure3-10 andFigure3-11.

a) Contour Matrix b) Printing Contour, Then
Block by Block (2x2) inside Block by block(2x2)

¢) Contour MWMatrix d) Printing Contour, Then inside
Block by Block (4x4) Block by block(4x4)

Figure 3-10: Schematic diagram afontour nmatrix printing (matrix vectorization idblocked by
block). The order of each drop is denoted withusnber written irblue on it. The contour drops
are bounded with green rectangles, whilke tnatrix blocks arshownwith red linesOnce all the
drops in the same block are deposited, the next block goes through the sequetilcahigthm
blocks are covereda)(b) The ontour of arectangle patteris extracted, and then the inside
rectangleof 4 drops (xdirection) x6 drops(y-direction) is sequenced witix 2x2 matrix blocks.

(c)(d) Contour matrixpattern withone 4x4 and onéx2 matrix block
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a) Contour Matrix b) Printing Contour, Then Print
Print Dot of Each Block(2x2) Dot of Each Block(2x2)

ool olsal
>

Illllg

c¢) Contour Matrix d) Printing Contour, Then inside
Print Dot of Each Block(4x4) Print Dot of Each Block(4x4

Figure3-11. Contour Matrix by ach block dosequentiallyAfter the contour has been separated,
the rest arsequenedthrough printing ach dropof each matridblock before moving to the next
one (a)(b) The contour of @aectangle patteris extracted, and then the inside rectangk drops
(x-direction) x6 drops(y-direction) is sequenced wistix 2x2 matrix blocks. (c)(dContour matrix

pattern withone 4x4 and onéx2 blocks

3.2.3. Pattern Segmentation for Improved Qualty

Many partitioning algorithms have been developed for geometry partitioning with
rectangle$188][189], triangle$190]. These partitioning techniques can easily segment the image
into the desed smaller repeatable blocks. This method has already being used by the VLSI layout
GDS file for data compression. For printed electronics, this approach is entirely new. As we have
experimented with shapes, we have observed promising as well as suinlifiting outcomes in
the case of rectangular shapes. Rectangular decomposition aids the printing decision process. For
large scale printing, this can be a significant advancement. Some ink might contain evaporative
materials and dry faster. In that cagginting smaller segments and connect in between

immediately is a better option. Again it can restrict materials in segments and resolve unwanted
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fluid flow during or after printing. With all these advantages, we resorted to partition pattern before
moving forward to vectorizationWe attempted two types of portioningy maximum area

rectangle and partition pattern clockwise/ anticlockwéseshown ifrigure3-12(b),(c).

a) Ground Truth Pattern b) Segmentation By Maximum Area c) Segmentation Anticlockwise

01 0 0
Segment-2 Segment-2

5 -
10
Segment-3

10 - 10

Segmg¢nt-

t-4 Segment-1

15

20 -

Segment-3 Segment-4
0 5 10 15 0 5 10 15 0 5 10 15

15 1 15

201

Figure3-12: Segmenting intricate patterns before applying vectorization. (a) Ground truth design
pattern. (b) Segmenting pattern bgximum rectangular area. (Bggmenting pattern with sorted

anticlockwise rectangles.

Segmenting patterns with the largest rectangle approximation is a general psobiemg
guestion. As our ground design image consists of ones and zeros only, thénaug matrix has
been converted into a histogram consisting of the number of ones divided into bins. The histogram
area is solved for finding out the x,y position of the maximum eretangle A sample example
is shown inFigure3-13. The brute force method has been used for histograms continuous area
optimization. While traversing along theaxis, it looks like a histogram with a cumulative black
pixel count. For fiding the maximum area, if the minimum height continues, it needs to be
checked. Each time area is calculated and compared with the previous maximum area. The new
maximum area is updated until all the pixels are covdredithe gsgmentatiorof any designed
pattern with the aximum areg the rectangle containing the maximum area is recursively

extracted and stored in a queue for further vectorization until all the full image is covered.
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Another idea of pattern segmentation is that it can be segmented clockwise or anticlockwise

with rectangles. For the clockwise pattern partitioning, we start traversing from the top rightmost

point andtraverse downward until we reach any edge; after hitting the edge, we started traveling

in the right direction till we have the same image pixel. If the pixel value changes, we start moving

upward, with fixed x, increasing y until we reach the edge. Rhame, it moves again in the right

direction until it meets the start point. This process is carried out recursively until all the partitions

are collected. The same partitioning process can be carried on from the top left corner in an

anticlockwise way

3.3. Experimental Methods

All the models with the generated drop sequences were validated experimentally using a

custombuilt inkjet printer. Independent &and ystages allow any drop sequences to be printed. A

piezoelectric inkjet nozzle from Microfab Technologies Inc. {MP-01-060, 60 um diameter)

was used. The ink is a commercial silver nanoparticle ink (ANP DGP -48C)) with particle

size 35 nm, viscosity 16 cP, and tri(ethylene glycol) monoethyl ether as the major solvent. The

vapor pressure of the solvent is low, ensustaple jetting without ink drying in the nozzle and

avoiding the coin stacked morphology, which is undesirable in many microelectronic devices due

to the

resul ti

ng

sur f ace

roughness.

The

subst |

Glass slidesvere cleaned in an ultrasonic bath for 30 minutes each in isopropanol, deionized water,
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and blowdried in between and afterward. Cameras on the inkjet printer were used for online and
offline defect detection and quantification during printing andr afitging. After printing, the ink

is subsequently dried for 30 minutes on a hotplate at §01€@general, DSP is varied from 9%

to 185um in the step of 10um, and test cases are printed for each shape, algddttumghe
optimum DSP is observed, n@otest cases are printed to confirm the D8 optimum DSP

dataset consists of 60 microscope images of printed filled patterns at optimum drop spacing (4
shapes X 3 print test case X 5 algorithms) and 36 nonfilled patterns (4 shapes X 3 print test case
X 3 algorithmdFor other eight drop spacing lying between-{8D),Microscopic images are taken

for ead of the five sequence models.

3.4. Evaluation Methods
Before analyzing pattern quality, all the captured microscopic still images are passed
through backgroend noise elimination and a region of interest (ROI) cropping. Then, precision,

recall, and accuracy are calculated and averaged.

3.4.1. Pre-Processing Steps for Printing Evaluation

Figure 3-14 (a) demonstrates the pprocessing steps pursued for defect detection from
still images andnotion videosThe still pictures are taken laycameramounted on the printemnd
passed through a pipelifler stitching if required. Noisy background requirkackground
subtraction and then extracted foreground denoiaftey RGB to grayscale conversion with the
Rudin, Osher, and Fatemi algorittj8#]. There exist a lot of feattgased mage segmentation
algorithms to subtract the noisy background from the foreground, such as color hishagean
edgesor boundarybased (based on similarify)84], regionbased (discontinuitie$)85]. Printed
electronics substrates, materials, gratterns can be very diversrior knowledge helps in
extracting the foregroungattern.For instance, theubstrate background can be transpafern.,
glasg or opaque(e.g., coated?ET) with the varying color of theforeground ink. Two case
examples are demonstrated kigure 3-14(b) with multiple different image segmentation
algorithm results. Thansparensubstrate creates a noisy background. Rebased clustering
(k-means clustering, Gaussiamxture model, graphcut) in Figure3-14 (b) (ii-iv) or edgebased
foreground processing iRigure 3-14(a) aloneis not sufficientto extract the prird pattern. A
combined regiotbased Graphcut) and edgdased approadnsurehe extraction process wak

best on dransparensubstrate. Graphut background elimination performs better than others in
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terms of detecting printed object#ith the help ofthe foreground and background color

distribution of the image, two scribbles are set. Then each pixel is assigned a probability of

belonging tathe foreground or background. A graph is constructed with the foreground scribble
as the source and background scribble as the sink vertex. Each image pixel is aoetk agith

edges as its distance from the source and the sink. Thengaeffoning algrithm (fast maxflow

min-cut) separates the foreground from the background and returns a logicalagshlbwrin

Figure 3-14(b)(iv). There are a fewscattered background areas around the periphery of the

extracted foreground, but they are detached after theletigsl foreground processing steps. The

final extracted outpuh Figure3-14(b)(v) is a binary image, which corresponds wellhie original
pattern inFigure3-14(b)(i).
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b ) Camera Image of Printed Pattern ii)Segmentation Using K-means Clustering iif)Sementation using Gaussian Mixture Model  i¥)Segmentation using Grapheut Model
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Figure 3-14: a) Processing steps for defect detection in images of the printed patterns. b)
Comparison of segmentati@pproaches for background elimination and foreground processing.

i) Printed pattern on a transparent backgroundBarkgroundreduction through k-means
clusteringbased image segmtation, ii) Backgroundeductionthrough Gaussian mixture model,

iv) Backgroundreductionemploying grapkcut model, v) Output with processed foreground on

top of graphcut model separated background, vi) Printed pattern on an opaque substrate, vii) The
binary output is obtained only from foreground processing without reguthe background

reductionstep.

For the opaque background, the background elimination process reeededand the
foreground preprocessing step alone can yield a vafined extacted pattern, ahownin Figure

10(b)(vii). The foreground prprocessing routine denoises the image, then thresholds it using
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adaptive Gaussian thresholding. Laplacian edge detection is carried out on the thresholded image,
and potentially disconnected edges are connected through morpholagisébtmation: closing
followed by connected component analysis. Finally, the contour is uncovered from the connected
edges, and this array is used as a mask on the original noisy image. The masked image pattern is

now separated from the background noiséwsedfor defect quantization

3.4.2. Defect Detection from Still Pictures

The preprocessednoisereduced microscopic image is fed through thealfidefect
guantification pipeline. In our microscope with 4X magnification, the captured image dimension
is 1,500x2000 micrometers. If the pattern dimensaare largethan this, it canct be captured
by a single imageMultiple images are taken by moving the pattern, and they are merged as a pre
processing step. Panorama image stitching is adopteddio stitltiple microscopic images into
one so that the test ROI can be easily compared with the ground truth patteFRigR@3-15(a)
shows the microscopic image stitching procedbigure 3-15 consists of the left and right sides
of the image to be stitched.functioning stitchingnethod is constructed by usi@giented FAST
and Rotated BRIEFQRB) feature (keypoint) detectdrike otherdetectors $IFT or SURF), i
efficiently identifies unique features tifeleft image and matches them acrtasthe right image
(shown bygreen Ihes inFigure 3-15a)(i)) with the Brute Force method. Once matched, a 2D
projective transformation is carried out to put the two images on the same im&gyure
3-15(4)(ii). The opaque background with the pattern passes through the foreground processing
(black box inFigure 3-15(a)), and the processed pattern Rigure 3-15(a)(v) is generated.
Histogrambased segmentation is applied further to crop the patterned ROI from both the ground
truth and denoisetestimage and draw a bounding box around it, as showfigare 3-15(b).
Cropped ground truth and test ROI aomverted tadhe same scale for defect comparison.
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Figure3-15: a) Stitching microscopic images for defect detection. b) Identifgrading, and

cropping the ROI from ground truth and printed test pattern.
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3.5. Results and Discussion

3.5.1. Non-filled Printed Pattern Analysis for Different Printing Sequence Generation

Algorithms

Representativexperimental printing results foronfilled patterns areshownin Figure
3-16. Four smaliscalepatterns(L, S, Interdigitated, Hand one largescale rectangular spiral
patternwereinvestigated tatudytheimpactof vectorizationon pattern qualityin all cases, DSP
was optimized, and the best results are shown Rerell of the raster printing outcomasFigure
3-16(b), somebulging isobservedat the beginningf line segmentsThe largescale patterm
Figure 3-16(b)(iv) suffers from bulging at regular intervals. Despite the fact that this repetitive
bulging is notobservedfor smaltscale printing inFigure 3-16(b)(i-iii ), patterns exhibigbrupt
disconnectsat the corners and intersectionghis arises from instant position chaeg in the
positive ydirection resulting in a pressure imbalance between the aldeguhsited largduid
beadand the impinging dropwith a smallradiusat the next ylocation. Consequently, these
deviationsfrom the intended pattemake rasteprintinganon-idealchoice for shapes comprising
single lines with frequendirection changs such as corners,-jlinctions, or crossing lines
Convergly, for vectorprinting, as shownn Figure 3-16(c) improved patterningesultscanbe
observed. Smakcale patternsxhibit perfect edgeandcorners with a noteworthy deeasen
breakage at the junction. There is a systanfluid flow with this patterrgeneratiormethodas
the edge drops are pradtin a sorted clockwise fashion. Each time new drops ingactviousy
printedtrack, a stable transitiae createdalthoughsomebulgingcan still benoticed at intervals
for thelargescale spiral shap&he nonuniformity of largescale pattersican be further improved
by symmetric sequencingigure3-16(d)(iv) showshatthelarge scaldine pattern exhibits almost
no bulging abng lines with limitedoulging at the corners. For the smsdialedesign inFigure
3-16(c)(i-iii), the improements are also distinctly visible together with uniform connectivity.
Symmetric printing necessarily comprises reducetbp spacingdue to theconnecting drop
spacing of 0.75 times of the drop spacing in contoasister andinearly vectorizedSP inFigure
3-16(b-c).
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a) Non-Filled Shapes
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b) Raster Printing Result
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Figure 3-16. Optical micrographs ofx@erimental printing resultior four different sequencing

techniques with theptimum DSP and SP for nonfilled casesa) Ground truth patterndy)
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Rasterprinting resuls, ¢) Linear \ectorizingresuls, d) Symmetricvectorizing resuls for four

different types ohontfilled line shapes.

It is clear fromFigure 3-16 that smallscale patterns with multiple intersexts can be
improved in &rms of bulging withvectorizedprinting. Significant improvement in bulging has
been observed for singlme patterns when symmetric sequencingdsed.Largescale line
patterns (rectangular spiral) ligure 3-16 (iv) with rasterand linear vectorizegrinting show a
regular bulging pattern while symmetgpeinting shows the best outcome witie leastulging

except at the corners.

3.5.2. Filled Printed Pattern Analysis for Generation Algorithms

The first corner compensatialgorithm performance was explored for filled struesias
shown inFigure3-17. C shape has in totaf eight cornerstwo of them are such that they en@os
the print fluid by more than 90°. These types are referred to asdomersand the other ones
which surround material less than or equal to 90° are termed as outer corners. G shape possesses
ten corners, three inner and seven oatenes. Inthe case of L shape, it contains six ©ers
including one innecorner.The rectangle is composed of four corne outer. To test the effect
of inner and outer corners separately, C, G, L shapes were printed-piikl inner corner
compensation onjyandthe rectangle was printed with-dixel outer corner compeation. It is
clear fromFigure3-17 that neither inner nor outer compensation gives a good pattern for small
scale patterns. If inner and outer compensation are applied togethidlr aiggvavate the pattern
even more. At a glancepifany filled shapesnner corner compensation is way better than outer
corner compensatioOuter compensation not only changes the pattern shape but also opens up
the edge boundaries. Lower DSP (110psyomewhabetter than higher DSP (115um) in the
case of inner corner compensation. As in the case of C (one out of two), G (one out of three) printed
with 110 um DSP some corners are nicely compensated, while the others are not. Even though,
for the same patternsripted with 115 um DSPnone of the printed corners are correctly

compensated, after applyifigr inner compensation.
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pattern C, G, Land outer compensation is applied to the rectangle.

Similarly, pattern generation algorithm performance was explored for filled strucisreBown
in Figure3-18. Four types of filled shapes (L, C, G, and Rectangle) were printed, and the results
with optimized drop spacing are discussed here. Ground truth patterns are shiguned-18(a).

When filled patterns are raster printed, they exhibit a number of abrupt holes, and also, the edges
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are not uniform, as shown kigure3-18(b). These problems with raster printing can be overcome
with contourbasedvector sequencingas shown inFigure 3-18(b)(c). Bothradial and parallel

filling exhibit similar results. Both methodslemce the quality of filled shapes compared to raster
printing. The biggest advantage of contour printing is even and uniform edges. flddgpnmting

of the boundary confines the rest of the drops subsequently printed to fill the pattern. These
mechanics control the fluid pressure within the borderline region and considerably reduce bulging
and abrupt holes. Images of patterns printed syithmetric ordering are shownhkigure3-18(e).
Symmetric printing improves the corners, although small inconsistencies around the edge profile
and a fev holes can be observed.

a Filled Shapes

| | E | : |
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d)RadiaI__\;ectorizing Result
1) F— S —

e e = —_— e e
DSP=115um DSP=115pm DSP=115um DSP=115pm
e)Symmetric Vectorizing Result

DSP=105um, CDSP=0.75um  DSP=105um, CDSP=0.75um  DSP=105pum, CDSP=0.75pm DSP=105um, CDSP=0.75um
Figure 3-18: Optical micrographs of xperimental printing results dfix different sequencing

techniques withoptimized DSP and (DSP for filled cases a) Ground truth patterns, b) Raster
printing results, cParallel ontour vectorizing resultg]) Radial @ntour vectorizing results)

Symmetric vectorizing results

Depending on the desired printed featurestacurbasedrectorizing with parallel oradial
filling enhancethe edge profile and reduces pattern variance. However, these patterns suffer from
reduced junction sharpness.ritevices that can compromise in terms of edge smoothness but

require strict corner localization, symmetric printing is a better choice.

3.5.3. Effect of Segmentation andMatrix Vectorization in Pattern Improvement

The fabrication method described in secti®3 was followed to print the patterns
generated with matrix vectorization and rectangular partitioning. Printing was carried out using
several values for drop spacing, and print imagesdisplayed only for optimum drop spacing.
Well-defined and smooth films are obtained with contour printing first and then filling the inside
drops with 4x4 blocks. At optimum drop spacing of () the dot level printingrigure3-19(a)
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i n doesndt r es uledd, bloakevel printieg outgerformély doilével printingy s t

for all the filled shapes, even without considering the segmentation effects (visible for rectangles
in (a)(vi) and (b)(vi)). On@romisingr esul t i s t hat 2x 2 rnbbeterdhan pr i nt
4x4 blocks with all four shapes. Bulging starts at the intersection of two segments. Alternatively,

a large scale monopole antenna wagstigatedn (vii) to study the impact of vectorizatioaad
partitioningmore evidentlyon patternquality. All of the dot level printing outcomes in (aye
observedsignificant bulging atdges where the first few drop in each matrix block lands. Besides,
significant holes are observed when the large scale pattern is segmented by maximum area
recursvely. The fluid flow is not homogeneous in this case of segmentation. Most of the time,
there is no connection between segmented rectangles. Forléetkprinting, the large scale

shape is less prone to holes and edge deformation. At the same tisraathpatterns are better

in terms of edge deviation¥et, bulging is observed #e beginning okach segment. Printing

the contour first and then filling up inside the bldekel matrix enhances pattern quality

furthermore.
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Figure 3-19: Optical micrographs of experimental printing results foatrix vectorization
combined with egmentatioriechniques with the optimuSPfor four filled cases. Ground truth
pattern segmentations are displayed hyii). (a) Matrix printing resultsat dot level with
rectangles partitioned by maximum ar@a, Matrix printing resultsat block level with re@ngles
partitioned clockwise(c) Contour Matrixprinting resultsat blocklevel (2x2) with rectangles
partitioned clockwise(d) Contour Matrixprinting resultsat blocklevel (4x4) with rectangles
partitioned clockwise.

Matrix is a promisingway of patternindoy inkjet printing Provided that the contour is
printed first and the inside is filled with a small block (2x2) matrix vectorization, the results are
similar to radial or parallel printing. As the block size increases, the contoux rmpatterning
result improveskor devices that can compromise in terms of edge smoothness but require strict
corner localization, symmetrior block matrix printing is a better choic#ll the printing schema
results in Figure 21. We can see that theipted C pattern is improving while contebased
vectorization is adopted. With a block size of 4x4 and clockwise segmentation, the printing output
is improving. In a word, as the pattern scale size increases, segmentation combined with contour

based blok vectorization yields better printing.
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Figure3-20. Images opatterns printed through five different drop sequencing algorithms. Pictures
have been taken right after printing without the application of thermal annealing. Pictures have

been processed through visibased noftontact pattern evaluation bef@iataing at 18C°C.

3.5.4. Numerical Evaluation of Printed Patterns

Patterns generated with the four models were evaluated through computetbeassoh
defect detection, superior to traditiomplalitativehuman inspection, lacking standardization and
efficiency. It onsists of two partghe offline image segmentation module and the online motion
tracking module, responsible for different quality assessment.typesonline module performs
early quality monitoring along with capturing data for later offline procgs$ffline testing
performs the final defect quantificatiomable 3-1 lists a comparison of the pattern generation
models applied to theerformance evaluation test
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Table3-1: Comparien of different pattern generation methods.

Pattern Type Shape Precision| Recall | Accuracy Standard
Type (%) Deviation of
Accuracy
Raster Filled 0.935 0.773 88.70% 3.49%
(DSP-120 pum)
Non-Filled 0.891 0.837 84.034% 1.77%
(DSP-130 um)
Contour Filled 0.903 0.999 93.420% 2.91%
Vector (DSP115 um)
(Rad:ialI Small Scale 0.931 | 0.871 | 88.548% 1.66%
Paralle
Large Scale
Averagd A\g/]erage —» 0.919 0.825 85.552% 0.029%
Non-Filled
(DSp-125um) 0.887 0.848 87.05% 0.846%
Symmetric Filled 0.889 0.976 89.14% 3.35%
Vector (DSP-105 pm,
CDSR0.75DSP
Small Scale —»| 0.837 0.839 83.3% 1.165%
Large Scale —»"" 955 | 0.897 | 94.18% 0.011%
Average
NonFileq —>| 0.901 0.868 88.77% 0.588%
(DSP120 pm,
CDSR0.75DSP
Corner Filled 0.88 0.596 79.84% 2.07%
Compensatior (DSP120 pm)
(1 Pixel) Non-Filled 042 | 0351 | 51.57% 1.75%
(DSP-130 um)
Matrix
(4x4 Block) Filled 0.895 0.939 92.18% 2.87%
(C|OCkWiS€ (DSP—llO um)
Segmented)
Contour
Matrix Filled 0.916 0.98 94.89% 2.14%
(4x4 Block) (DSP-110 um)
(Clockwise
Segmented)
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Radial and paralldilling resultswereaveraged anthe row labele@s contour vectorizing.
Each sequencing model 6s performance i,andeval ua
accuracy calculation (equatio(®9),(40),(41)) of two binary image sets (ground truth, test) based
on the number of true positive (TP), false positive (FP), true negative (TN) andéglatve (FN)
pixels.Positive refergo white pixels (background), negative refers to dark pixels (pattern) in the

binarized images.

Precision= (39)
Recall= (40)
Accuracy=———— (41)

When the ground truth ngprint white (1) pixels are not white (0) in the corresponding
test image, it implies the printed patterns have bulged over the intended pattern boundaries, and
falsenegative § high, recall is low. Precision becomes low wfasepositive is high due to some
ground truth black pixels (0) transfoeaito white pixels (1) irthetestimageexhibiting shrinking,
i.e., hole defects. Filled shapes have lower recall, (@ehbit bulging defects) compared to ron
filled shapes prone to lower Precision (i.e., exhibit shrinking or disconnect defentsyacy
increases with high true positive and tnagativevalues, which means the numioéblack pixels
in the printed image is close to the number of black pixels in the ground truth image. The white
pixel number similarly matctse At the same time FP, FN is losignifying reduced bging, holes,
and shrinking, generating the optimum printed pattern. & bakulations of print quality metrics
are carried out with the DSP that givlg best result for a particular method and pattern. type
Figure3-21 gives an overview othekey performance measures of the four vision models. In the
case of filled shapes, contouctorizationhas the highest accuradihile contour is filled first,
then the inside drops are filled with 4x4 matrix, optimum DSPuri@lockwise, block by block,
the printed results show further improvements over shadpasnonfilled shapes, the symmetric
sequencing model outperforms other methods showing better average accuracy, although having
some holes and shrinking defecthese quantitative findings agrevell with the qualitative

findings described above.
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Figure3-21: Accuracy ofdifferent patterngeneratiormethoddrom still pictures.

Figure3-21 attributes very similar accuracy toonfilled patterngrinted with contour and
symmetric schemarhis difference has beestatisticallytested with a-testat 95% confidence
interval We obtainedr-score=2.89p-value=.0077 4J(0.05). As it indicatesthatthe dfference
betweercontour and the symmetric ndiled group is 2.89 timas the difference within the group,
so wereject the null hypothesiéind say that symmetric and contour sequencing results in different
results for nonfilled caseSimilarly, for thematrix and contoumatrix filled cases, weonclude
that the print results are different with as@ore 3.028p-value=0.0049<U (0.05), and rejected
null hypothesisFeedback System

The defect detection system described in the previous section is ntd sty the merit
of different printing sequence generation methmdsalsao provideuseful feedback on thmattern
design. Generating optimum printed patterns also depends B$thand for symmetric printing
CDSP, in addition to thedrop sequencing methodlhis parameter needs to beapgtimized
whenever a new inrkubstrate combination is used or when printing onto inhomogeneous substrates

with already existing printed layerdéncorrect DSP selection can lead to bulging, shrinking,
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a)

scalloping, and bead$55]. Using these evaluation metrics as feedlzariefficiently identify the

optimumDSP andCDSPfor a specific substrate and ink. This selection haaydvbeen difficult

especiallyfor complexand diverseshapes and larggcale patterns. Previousipoststudies have

identified the besDSP andCDSP only for single lines or simpldesigis. Figure 3-22(a) shows

some of ouDSPoptimization results. Filled and ndiled shapes are averaged over three different
patterns each (filled: C, Rectangle, L; Fidled: Interdigitated, L, S) for different values DISP.
The optimumDSPgiving the highest accuracy different for filled and nosilled shapes and the

differentsequencing methods. For filled shapes, raster, contour, and symmetric printing should use

a drop spacing of 120 pum, 115 um, and 105 um, respectif@iythis inksubstrate systenfror

norill ed shapesaster, contour, and symmetric printing should use a drop spacing of 120 um, 115

pm, and 105 umNonilled shapes require larger DSPvenwith the optimumDSP and MSP

values and the optimusequencingnethod, some of the printéehtureanstill have small abrupt

holes Largescale pattern printing is more prone to holes. The acclnasyd feedback system can

be used for backfilling abrupt holes at their centroid locaMdier finding the centroid of the void

contour, the coordinates areerged, and the next time the printer prints the complete pattern, it will

compensate for the haby adding an additional drop at that locatibigure3-22(b) is an example

of center coordinate detectifor abrupt microrscaleholes.
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Figure3-22: Pattern evaluation and error pruning using a graphical approach. a) Optimum drop

spacing selection using accuracy as the evaluation metric. b) Holes coordinate findings and

reprinting with appended hole coordinates. ¢) Short circuit path determinattarofiimes in close
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proximity. (i) Ground truth patterr{ii) Printed lines are shedircuited between nod® and 3 due

to significant bulging that changes the skeleton and nodes. d) Void space and additional printed
track tracing.(i) Ground truth desigpattern,(ii) Skeleton determined in the printed lin¢s)

Graph nodes are created based on the skeleton connectiyiyyGejund truth pattern skeleton,

(i), and network graph for a filled shape.(f) Ground truth interdigitated pattern skeleton
components(ii) Printed pattern skeleton componer(ig) Routing through pattern framewaqrk

and open circuit path tracing in interdigitated structure.

Another method for defect detection in complex printed micwale patterns is skeleton
based graph inspection similar to optical inspection methods for FIQH982][93]. Figure3-
16(c)-(e) shows defects patterns such as short and open circuits, bulging, and holes. Such defects
can lead to catastrophic loss of functionality in electronics systems. To analyze all connected
components inthe printedstc t ur e, Z h zalian[@8&]isadogtdd.eThedr®liis reduced
to a Epixel wide representation by recursive identification and removal of border pixels as long
as the structureds ¢ o0nne-bdsednspectionis perfantedthee r v e d .
skeletons with central nodes and edges with weights as the distance between connecting nodes of
the printed patterns. The shortest path distance within the network is utilized for short circuit
tracing. A list of connected and disconnected nodegstaiddistance in um is used to detect and
visualize fault patterns. Comparing ground truth and printed pattern skeletons becomasrarch e
through fault tracing from one node to anotlégure 322(c)(i) shovs a path in the prted pattern
image between nodes 0 and 1 through nodes 2 ahde3path distance is 417.56 um, while the
ground truth pattern is designed as two distinct lines without any connection between 0 and 1. The
printed pattern irFigure 3-22(c)(ii) contains a single component signifying a short circuit fault.
The pattern irFigure3-22(d)(ii) exhibits a threeeomponent skeleton with one separate track due
to unwanted material deposition. Whthe printed pattern graph coincides with the ground truth
with little deviation as irFigure3-22(e)(i) and (ii), it can be considered detéee. This filled C
shape structure corresponds-tgure3-18(a)(iii) printed withDSP115 um and contour algorithm.
Ground truth and the printed pattern have the same number of connected components. The distance
between the farthest nodes is nearly identical, with a 1.51% deviation. An interdigitated raster
printing result with 130 unDSP(cf. Figure3-16(a)(iii)) is tested for fault identification iRigure

3-22(f). It demonstrates the presence of an open circuit fault in the constructed graph. The ground
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truth pattern inFigure 3-22(f)(i) has two different connected skeletons with nodes 0,2,3,6 and
1,5,4,7. The printed design skeleton Rigure 3-22(f)(ii) is segregated into five component
skeletons clearly dbiting open circuits. These results agree with the qualitative and quantitative
analysis of pattern quality for different sequencing methods. Additionally, with the skeleton
method, it is straightforward to find the shorted fault path in the patteromimdize the design
pattern. This graph approach is particularly helpful in finding skeletamaliesof the designed
pattern due to fluid flow and the exact location of the skamtl opercircuit fault from a specific

node.

3.6. Conclusion

A novel computer igion-based scheme is developed and evaluategtimize thecontrol of
inkjet printing athemicrometer scaleA pattern image's pixels at&ken as the input and converted
to a drop sequence by means of feature mapping and shape detection algorithms. Finally, printed
results are analyzed using automated defect detection. Four ways to generate the sequence of drops
are compared. Contour baseelctorization (parallel and radiéilling) gives thebestresultsfor
filled shapesand symmetric vectaration gives thebestresultsfor nonfilled shapes.Defect
quantificationand identification areital for quality monitoring and final output judgent. The
print output is evaluatecbncerninghe input imageand they are compared to detect defects. The
developed computer visidmased electronics printing improves print quality for complex shapes in
an automated fashion, which impossible or reques extensive manual intervention with
traditional methodsin the future, this algorithm can be extended to combine different sequence

generation methods for different parts of a layer that have different requirements.
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4. Chapter 4: Optimized Pattern Comparison with Contact BasedPattern Evaluation

4.1. Introduction

In Chapter 3, we have analyzed several vectorization techniques to improve pattern
printing. Next, we moved forward to carrying some experiments on how these patterning
techniques change therface morphology and the electrical property of the pfihe esults are
presentedh the following sectionsPattern structure of different shapes and scale are printed using
solventbased silver Nanparticle ink usinga customized MicroFab inkjet printer withnozzle
radiusof 30um.Then they have been thermally annealed and then processed for characterization.
This annealingporocess of any ink material to its solid form is termed as sintering. Sintering helps
to achievedesirable electronic properties. Metallic ink responds well to sintering. During the
process, heat transfers to the ink particles. Although as metallic inks, mostly gold4Au3ilver
(AQg) [192], copper (Cu]193] are used mainly for their high electrical conductivity, partfobe
metal precursor inks are also quite comnib®4]. Our designed system perfectly aligns with
nanoparticle inks; it can also be utilized for other inks sashmetalorganic decomposition
(MOD) and metallic salbased inksWe have used thermal sintering via a hotplate baking for the
glass substrate. However c heap pl asti c substrates such as
temperature more than 1¥D In that case, alternative nopntact sintering adaptation is
suggested that will selectively heat the printed materials without heating the sytStt§fe94].
Before printing, stable jetting has been ensured using thaliten featuresettings. And the
patterns are obtained with optimizB$&P for each of the sequencing schemas, as discussed in
Chapter 4. Overall, an optimized homogeneous and reproducible pattern structure with the fewest
defectshas been used as a sample of eachefptinting methods during characterizatidie
results obtained represent essentiaktep towards the application of automated industrial inkjet

printing.
4.2. Methodology

4.2.1. Pattern fabrication
Patternsare fabricated using a commercial silver nanoparticle ANA DGP 40LF15C).

Thediameternof the nanoparticles 35 nm, and the primary solvent is triethylene glycol monoethyl
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ether (TGME).The same ink was used throughout chapter 3 and 4. We usedfihérx 2 6 6
glass mostly and, in some cases, PET as a substrate. Before printing, the substrates were
ultrasonicated for 5 minutes in DI water, then 5 minutes in IPA, and the last 5 minutes in DI water.
In between each ultrasonication, the substrataes avith compressed air. We have demonstrated
patterning with a metal nanopartidb@ased ink The vectorized pattern optimization of
nanoparticlebased conductive ink has not been studied before extensively but can yield significant
insights for optimzing the patterning conditions. For example, during printing, the pattern defect
guantity monitoring through precision, recall, and accuracy can help evaluate the device layer
before going to the next manufacturing level. As the pattern generation atgchtnges, so do

the pattern quality. The pattern assessnrestilts of chapter 3are corroborated with sheet
resistance and surface topography profile in this chapter. The pattern quality metrics and electrical
properties are correlated for different patt generation schemieigure4-1 shows a summary of

the fabrication process.

i A
Nozzle § (

a) b))

—~—
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(T
) )

Dried Ink Pattern
Piezo-electric Hot Plate Annealing Solvent Evaporation OanIEJ;trate R‘fa‘zy
Nozzle Printing Pattern At 40 Degree Celsius and Ligand Disassociation tobe Characterize

Figure4-1: Samplepattern fabrication steps. (a) Patteans fabricated ocleanedglasswith a
specific pattern generation procefdls) Samples are subjected to the first step, drying &40
temperatureqc) Organic ligandsn the nanoparticle ink start dzsating, and the solvent starts
lessening (d) Samples are subjected to the second step annealing°& tE80peraturesThe

nanoparticlesgglomerate, the region grows, leading to complete sintering.
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For electrical and surface property estimattbe,prepared patterns are subjected tc°&40
drying stepfor 20 minutes on a hotplate. Then they ammealedon a hotplate at a constant
temperature of 18C. The first drying step removes the excess solvent from the patterns. The
high-temperature sinteng is carried out for 30 minutes. This tgtep annealing prevents rapid

drying and generates better surface topology.

4.2.2. Sheet Resistance Characterization of Printed Pattern

Sheet resistance effectively relates thin layer resistivity to the layer thicknbiss
characterization is the primary physical parameter for quality assurance of any conductor,
semiconductor or insulator printed films, photovoltaics, OLED, sensors, packaging,
semiconductor, and many more industr[@95][196][197]. In the following section, sheet
resistance characterization has been conducted to infer the quality of printed pagardsg
resistance With the printed pattern sintered at the sameperature of 180C having similar

resistivity, the sheet resistan@ changes mainly with the pattern thickness given by equation

43

Volume resistivity,” = = - 42

Sheet Resistancg, =—= 43

Here,Rsand t are the sheet resistance prnidted patterrhickness.

Height/Thickness, t

Figure4-2: Pattern thickness, width, length definition for sheet resistance estimation.

There are many contabtised sheet resistance characterization techniques such as Four
PointProbe, Van dePauw Again in the collinear testpfir equally spaced, dmear probes are
sited into the patternhecurrent is driven between the outer twolgs while voltage is measured
between the inner two probes. F&RointProbecan be also be placed in a pawilinear way. Yet,
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4-pt measurements are limited do-patterned filmsand not applicable tmtricate patterns and

shapes. For small, complex patis, current pathways can be changed by the pattern geometry.
Considering our varied shape stutfan der Paw s  m ¢197M[1®&] has been implemented for
estimatingdfilled pattern sheet resistandéan der Pawmeasurement has been aadrwith the

setup inFigure4-3(a-d). We have usedé 4200ASCS Parameter Analyzer to caoyttheVan

der Pawmeasurementsas shownn Figure4-3 Van der Paw(@)(c). The four probes eliminate
measurement errors due to the probe resistance, the spreading resistance under each probe, and the
contact resistance between each metal probe and the beneath printed material. Throughout the
experimentsthe current is forced étween points nd 2,andthe voltage difference has been

measured betweena®d4 for a 4point probe

it I:robe ?ys»term b) Four Point Probe

Van Der Pauw method

e -

—

Voltage(V)

4200A-SCS Parameter Analyzer v

Figure4-3: Pattern evaluation through resistamoeasurement using contdzsed fowpoint

probing
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Using this method, the sheet resistance is derived from the measured voltage differences
and current values around the periphery of the sample with the configurations sliogured-3
(b). Once all the voltage differences are measured, two values of sheet resistanod? are
calculated using thequationg44)-(46):

2 =—2Z [z =— (44)
2 =—2z [fFZ =— (45)

The parameter analyzer measures the voltage and the current through the Saeyie
A geometrical factors changes with the pattern shape symmetry. These values are derived from
thefollowing f-Q plot. The Q values are related to the ratio of two subsequent edge resistance. For
perfect symmetric printed patterns suclaeesctangle/=/A=1. As a referencahesame ink's sheet
resistance valuis crosschecked against one previous work of the same dif#j. All the non
filled line patterns studied i@hapter3, threesmaltscale patterns (L, S, Interdigitatedhd bur
types of filled shapes (L, C, G, and Rectangh®re investigated to study the impact of
vectorizations on pattegheet resistanc¥alues are calculated only with the patterns pdntéh
optimizedDSP. For each filled, nefilled shape, four samples with optimized DSP have been
tested, and the results are illustrated in the result section.

In the next stage, pattern surfaceighness isneasured using a stylus profilometére
hawe utilizedAlpha-Step D600 Stylus profiler systents inspect anénalyzethe printed pattern
surfacesThere ar@arieties oklectronicapplicationghat arenighly sensitiveto surfaceopology
variation. Surface profiling is one of the best available methods to determine the printed layer step
height, roughnessnd wavinesOnce the thickness profile, Z, is obtained in x or y direction over
the shape's length, the mean thickness Isutated. Thenmean thickness deviatiolRa is
calculated using the equatiéfi7). The standard deviation of the thickness is estimated tivith
root mans square of thickness deviatissingthe equation

(48).

2= PO 0QAQ (47)

N m o < Ao - 48
30AT AROEAOEIZh® 0 QstA @ (49
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4.3. Results and Discussions

4.3.1. SurfaceTopology of the Patterns
TheAlpha-Step BD600profilometer can detect height deviation even dowrdtarigstroms
to as large as 1.2 mnfhe profiler was tuned to use a load equivalent to 0.03 mg to carry out the
experiments with its inbuilt optical deflection height measurement mechanism and magneto static
force control system. Sample thickness measurement is carried out alorgxisevith 400 data
points per profile. All the printed patterns evaluated in chapter 3 have been profiled tcherdss
the validity of the results. A samppatternsurfacecharactezation schema is shown iRigure
4-4. The stylus travel distance is plotted in theaxts with the millimeter dimension, and the

estimated thickness is plotted in th@xis with micrometer units

Surface profile of different pattern generation algorithms

b)

=
=

=
P

— Parallel C(DSp-113)
Parallel G(DSp-115)

Thickness(micron)
=
=

=
=

00

0 200 400 600 800 1000 1200
Distance(mm)

Figure4-4: A representative thickness measurement exampleesbimple a) The black needles
are the stylus head and its shadow touching the print pattern surface. The scales are showing the
surface dimension in millimeters. Bhickness profile ofC and G shapes printed with a parallel

printing method with an optimum DSP of 115um.

The characterization of the pattern surfaces egasluctecalong different crossections
(x-directiong over the print surface area withnm z-resolution In total, 120different samples
wereandyzed. The epresentative experimentaisults are summarized Trable4-1. 36 different
samples constituting thresenallscalenonilled patterngL, S, Interdigitatedprinted with three
patterngeneration schema at optimized DSP w&teled for their thickness profileSimilarly,
approximately 80 thickness profilingas conductedbr the four typesof filled shapes (L, C, G,

Rectangle) printed with five vectorization schema with optimized drop spacing.
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Table4-1: Surface profiling results for several shapes and pattern generation schema.

Type | Algorithm Shape Mean Mean Mean Mean | Standard
Thickness | Deviation Thickness (Rdt) | Deviation
t(pum) (Ra) Over Different| (%) of

(um) Patterngum) Ra (%)
C 0.401 | 0.064

Raster G 0.460 |0.101 0.393 16.47%| 2.552%
(120DSP) L 0.361 | 0.050
Rectangle 0.33 0.044
C 0.456 | 0.052

Parallel G 0.464 | 0.062 0.426 10.76%| 0.910%
. (115DSP) L 0.395 0.042
Filled Rectangle | 0.387 |0.044
C 0.487 | 0.053

Radial G 0.536 | 0.069 0.476 11.53%| 1.144%
(115DSP) L 0.387 | 0.047
Rectangle 0.492 |0.043
4x4 C 0.598 | 0.0%3

Matrix G 0.613 | 0.056 0.574 7.8% | 1.136%
Contour L 0.555 0.039
(110DSP)| Rectangle 0.53 |0.032
C 0.637 | 0.069

Symmetric G 0.701 | 0.091 0.651 11.27%| 1.225%
(105-DSP) L 0.577 | 0.062
Rectangle 0.689 0.072
Raster L 0.135 0.008

(130-DSP) S 0.148 | 0.007 0.174 7.09% 0.83%
Interdigitated|  0.240 0.022
Contour L 0.231 0.009

Non (125DSP) S 0.263 | 0.013 0.249 5.0% | 0.503%
Filled Interdigitated| 0.315 0.019
Symmetric L 0.325 0.017

(115DSP) S 0.350 |0.018 0.362 6.11% 0.88%
Interdigiated| 0.410 | 0.0328

andreported inTable4-2. As we can see, there is a mean thickness variation among the profiles

Based on our measured thickness, the surface roughness parameter Ra has been calculated

printed with different algorithms. For filled shapes, the thicknesseases from raster to

symmetric. It is because optimum DSP decreases, and as a result, the mean thickness increases

overall. For the noifilled cases also, a similar pattern is observed from raster to symmetric.

Interestingly, the height deviation pentage result is similar to what we have found for-non
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contact precisiomecaltbased pattern evaluation. Meaadivided by an average thickness of four
filled shapes for each of the five pattern generation methods reveals that raster printed pattern is
undoubtedly experiencing the most variation. Contour 4x4 matrix printed block by block has the
least variation, and it expresses the pattern homogeneity over the print dimension. Next, radial and
parallel are exhibiting the same trend of roughness vari@mme as filled shapes, raster printed
nortfilled patterns show a little more deviation than the contour and the symmetric ones. Overall
the filled shapes contain more roughness variation than thelleoncases, which is expected due
to their increasingimensions. Also, the thickness standard deviations are decreasing with contour
printing for any type of pattern. The table results are visualized further kigiage4-5(a)-(b) and
Figure4-6.

The bar charts ifFigure4-5 (a) give an overview ofcrucial thicknessmeasures ofilled
patterns printed with fiveision-based pattern generatiomodels.Overall,any shapes generated
with contourmatrix show thelowest mean thickness deviation (Ra). Better surface homogeneity
arises when the outside contour is printed, and the inside blocks are filled with a 4x4 block of
matrix. Radialandparallel filling also display very low thickness abnormality compareddtera
So, the conclusion derived from the visibased evaluation agrees well with the thickness profile.
Again, as the area and complexity increases, the deviation increases from rectangle to L, C, G.

Filled Shapes Surface Profile
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b))

Figure4-5: Surfacemean hickness of experimental printing results of five different sequencing
techniques with optimize®SP and (ASP. The mean thickness deviation, Ra, is shown by the
black error bar. (a) Fouilled patterns are printed wittaster parallel contouy radial contour,
symmetrig block contour matrix vectorizing (b) Three non filled cases printed with raster,

contour, symmetricvedorizing.

Among the three nafilled test cases, interdigitated thiagss varies the most for all three
types of patterning. Raster printed L, S, Interdigitated samples show the lowest thickness with the
highest DSP among all methods. Also, they show inferior surface quality in comparison to the
other two. For the interdigited structure, all of the patterns show the most variation. As the
complexity increases with more junctions and edges, the thickness is also varied in those regions.
For L shape, variation is almost the same for all the three algorithms. Raster, ashasuslthe
lowest thickness with the highest drop spacing of all. The greater the drop spacing, the more the
ink material spreads in on the substrate; this lowers the Z dimension's material thickness. Contour
and symmetric both show the bastiformity, with the lowest deviations. However, for the
interdigitated structure, the thickness profile shows a lot of variation. Due to the higher number of
junctions, three drop segments, and connecting drops, these thickness results agree well with the

resultsdescribed in Chapter 3.
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