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Nederlandse samenvatting
—Summary in Dutch—

Procesvariaties in gentegreerde fotonica-circuits

Silicon photonics is een aantrekkelijke technologie om kosten@&fitiotonica op

chip te integreren door zijn compatibiliteit met bestaande CMOS fabricage techno-
logie. Co-integratie van elektronische en fotonische chips is eenvoudiger net door
deze compatibiliteit. Het hoge index contrast tussen silicium en silicium dioxide
zorgt voor sterke geleiding van het licht, waardoor zeer kleine componenten op
grote schaal mogelijk zijn.

Het is echter zo dat dit hoge contrast en de kleine geometrische elementen er-
voor zorgen dat deze fotonische circuits in silicium zeer gevoelig zijn aan variaties
waar het fabricageproces aan onderworpen is. Bloodstellingsdosis, leeftijd van
gebruikte resist, plasma dichtheid en de samenstelling van de slurry bij chemical
mechanical polishing, zijn voorbeelden van parameters die bij de fabricage kunnen
variéren die uiteindelijk leiden tot geometrische variaties op nanometer schaal zo-
als lijndikte, laagdikte en hoek van de zijwanden van waveguides. Deze variaties
op componenten niveau vertalen zich op circuit niveau tot verschillende vertragin-
gen tussen optische paden in een circuit, de optische signalen zijn uit balans. Dit
zorgt voor een slechtere functionaliteit van het betreffende circuit, waarbij soms
slechts een deel van een optisch circuit functioneel is. Hoe complexer de circuits,
hoe groter de kans dat delen van het circuit niet werken.

Filters, zoals Arrayed Waveguide Gratings en ring resonatoren, zijn bijzonder
gevoelig aan deze procesvariaties. Dit zorgt voor meer overspraak tussen kanalen,
grotere verliezen, meer verbruik en een afwijking van de gol engte van een kanaal.
Wanneer de impact van deze procesvariaties niet in acht genomen wordt zullen
bepaalde componenten niet meer werken, zelfs met een variabel element die de
fout tracht te compenseren. [1]. Variaties in het proces zijn dus een limiterende
factor voor de opbrengst (yield), de fractie van werkende circuits gefabriceerd in
dit proces. Zonder een goede analyse en praktische methode om de impact van
proces variatie te voorspellen en te matigen, zal procesvariatie bij fabricage leiden
tot een grotere kost en de mogelijkheden tot integratie beperken.
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Uitdagingen voor het voorspellen van de opbrengst
van Photonic Integrated Circuits fabricage

Om de opbrengst te voorspellen en te schatten hoe de degradatie van de prestaties
van het geproduceerde circuit kan worden gecompenseerd, wordt het essentieel
om voorspelling van de variatie in gedrag van het circuit in de gestandaardiseerde
ontwerp work ow te integreren. Er zijn twee uitdagingen om een realistische op-
brengstvoorspelling te maken voor fotonische gentegreerde schakelingen.

Ten eerste is het, anders dan micro-elektronica, minder intutief om &goed
“slecht’te de niéren voor fotonische bouwstenen met behulp &am parameter.

De effectieve index en koppelinggfaci énten hebben bijvoorbeeld beide invioed

op de prestaties van de lter, maar ze hebben geen intrinsieke goede of slechte

waarden. De voorspelling zou variaties in het gedrag van een circuit moeten bere-

kenen die genduceerd worden door deze parametervariaties, aangezien uiteindelijk
de mismatch tussen de respons van het ontworpen circuit en het gefabriceerde cir-
cuit de prestaties verslechtert.

Ten tweede zijn procesvariaties niet puur willekeurig. Omdat procesvariaties
sterk locatieafhankelijk zijn, wordt de prestatie van het gefabriceerde circuit pri-
mair bepaald door de lay-out van het circuit en zijn positie op de wafer. Een
realistische opbrengstvoorspelling vereist het kwantitatief vastleggen van de wil-
lekeurige en locatieafhankelijke variaties.

Bijdrage van dit werk aan het onderzoek

Om de opbrengst te voorspellen die rekening houdt met de lay-out, hebben we
een techniek voorgesteld die variaties van gedragsparameters op laag niveau (ef-
fectieve index, koppelingsédci ént) of gefabriceerde geometrische parameters
(lijnbreedte, dikte) vertaald naar circuitprestaties op een hogere abstractie niveau.
Door locatie-afhankelijke variaties toe te wijzen die de werkelijke variatie in fa-
bricage nabootsen, kunnen we de circuitvariaties op hoog niveau inschatten met
behulp van Monte-Carlo-simulaties. Deze techniek vereist drie stukjes informa-
tie: een nauwkeurige verzameling van gegevens op de gefabriceerde wafer, een
realistisch variatiemodel om systematische en willekeurige variaties op verschil-
lende ruimtelijke niveaus te scheiden, en een virtuele wafer-kaart op basis van
geextraheerde gegevens van gefabriceerde componenten om Monte-Carlo simula-
ties mogelijk te maken.

Het verzamelen van gegevens over gefabriceerde wafers biedt input voor va-
riabiliteitsanalyse. We willen geometrische parameters van gefabriceerde golfge-
leiders a eiden, omdat dit de meest fundamentele parameters van de lay-out zijn
om de proceskwaliteit weer te geven. Het is echter erg duur om ze te verkrijgen
met behulp van traditionele meettechnieken. We stelden een methode voor om sili-
cium golfgeleider geometrie te extraheren met behulp van spectrale metingen van
een paar MZI-circuits. We hebben een uitgebreide analyse uitgevoerd om de gren-
zen van de parameter te verkleinen, waardoor de nauwkeurigheid van de extractie
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Figuur 1: Componenten voor realistische variabiliteitsanalyse en opbrengstvoorspelling.

aanzienlijk wordt verbeterd. Met behulp van de curve- tting zijn we er ook in
geslaagd om de extractiemethoden toleranter te maken voor ruis en variaties in de
roosterkoppeling. We hebben een stapsgewijze work ow voorgesteld waarmee we
liinbreedte en dikte kunnen extraheren met sub-nanometer-nauwkeurigheid, waar-
door het mogelijk is om gedetailleerde gefabriceerde wafer kaarten te extraheren
voor verdere analyse. Het extraheren van de breedte en -dikte van een golfgeleider
helpt bij het analyseren van de procesvariaties op een siliciumfotonica-chip. Vaak
moeten we ook de kwaliteit van gefabriceerde directionele koppelaars kennen om
de procesvariatie van koppelingen te analyseren en om de impact van variaties op
de prestaties van de optische Iters te schatten, waarvoor een compact gedrags-
model voor de directionele koppelaars vereist is. We hebben een compact model
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van de directionele koppelaar, dat helpt bij het scheiden van componentontwerp
van circuitontwerp. Het extraheren van koppelingga énten is niet triviaal in

de aanwezigheid van meetruis, uitlijningsfout en variatie van de roosterkoppeling.
We hebben verschillende ontwerpen en methoden vergeleken en bewezen dat we,
met behulp van curve- tting en een goed rooster-koppelingsmodel, parameters van
de directionele koppelaar met hoge nauwkeurigheid uit een MZI-circuit kunnen
extraheren.

Om gelijktijdig meerdere parameters van on-chip golfgeleiders en directionele
koppelaars uit optische metingen te extraheren, stelden we een gevouwen twee-
traps MZI-circuit voor. Het compacte ontwerp is minder blootgesteld aan lokale
variatie binnen het circuit, wat de nauwkeurigheid van de extractie aanzienlijk
verbetert. Ook verkort het circuit de duur van optische metingen op waferschaal
aanzienlijk, waardoor het bruikbaar is voor bewaking van procesbesturing. We
hebben de heropstart van het wereldwijde optimalisatie-algoritme, CMA-ES, ge-
bruikt om parameters te extraheren uit ingewikkelde spectra van het circuit. We
hebben de work ow ook gellustreerd om gedetailleerde waferkaarten te plotten
voor variabiliteitsanalyse van wafermetingen.

Om géxtraheerde waferkaarten met informatie over de procesvariatie te analy-
seren, stelden we een additieérarchisch model voor dat variabiliteit op verschil-
lende ruimtelijke niveaus kan omzetten in systematische en willekeurige variatie.
Om willekeurige variatie in onze analyse te verminderen hebben we de fysieke oor-
sprong van deze procesvariaties besproken en een work ow samengesteld om de
variabiliteit van intra-wafer te scheiden van het intra-die-niveau en een wafer-die
interactie term gentroduceerd. We hebben het model toegepast om de metingen te
analyseren op een 200 mm wafer gefabriceerd in imec's silicium fotonica-platform
op basis van 193 nm lithogra e. Het resultaat toont aan dat de systematische varia-
tie de primaire bron van variatie is voor zowel lijnbreedte als dikte. Op die-niveau
vonden we dat het systematische breedte-patroon nauw verwant is met de lokale
patroondichtheid. Onze bevindingen helpen om de procesvariatie te identi ce-
ren en nieuwe ontwerpregels te &ren om de impact van de niet-uniformiteit te
verminderen. Als de systematische variatie die we hebben waargenomen in het
proces verder kan worden ver jnd en gecompenseerd, kunnen we de fotonische
wafers voorzien met een aanzienlijk betere fabricage-uniformiteit in de toekomst.

In de volgende stap hebben we het CapheVE-raamwerk ontwikkeld waarmee
we het ruimtelijke variabiliteitsmodel kunnen importeren en virtuele fabricage-
wafers kunnen genereren. Het raamwerk combineert het circuitmodel, parameter-
gevoeligheid, circuit lay-out en procesvariabiliteitsmodel. Circuitparameters wor-
den gewijzigd op basis van de gevoeligheid, de lay-out en de locatie op de wafer.
Met CapheVE kunnen we de realisaties van het circuit over de wafer verspreiden
en een Monte Carlo-simulatie uitvoeren om de respons van alle circuits te genere-
ren.

Vervolgens kunnen we de gegenereerde antwoorden gebruiken voor lay-out
bewuste variabiliteitsanalyse en opbrengstvoorspelling. We hebben interessante
experimenten gedaan met het CapheVE- raamwerk. We genereerden virtuele wa-
fers die een goede overeenkomst vertonen in statistische eigenschappen en ruimte-
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lijke correlatie van de procesvariaties met de gefabriceerde wafer. We hebben het
raamwerk ook gebruikt om opbrengstvoorspellingen te doen voor gol engte-de-
multiplexer en om de work ow voor parameter-extractie te valideren met behulp
van de compacte tweetraps MZI.

We hebben ook stochastische analysemethoden geprobeerd om de kost van
Monte Carlo-methoden voor opbrengstvoorspelling te verlagen. In vergelijking
met de Monte Carlo-methode kan de stochastische analysemethode de simulatie-
kost aanzienlijk verlagen. We hebben de stochastische collocatiemethode toege-
past om de variabiliteit van directionele koppelaars te analyseren. De methode
heeft de kost van simulatietijd aanzienlijk verlaagd.

Conclusie en toekomst

In dit werk hebben we een compleet raamwerk voorgesteld om realistische op-
brengstvoorspellingen te doen voor gentegreerde fotonica-schakelingen. Onze me-
thoden om gefabriceerde geometrneof golfgeleider en koppelingsgedragspara-
meters te extraheren helpen om gedetailleerde fabricage waferkaarten te verkrij-
gen met hoge nauwkeurigheid van spectrale metingen. Het variabiliteitsmodel dat
we hebben opgebouwd, splitst procesvariaties op in systematische en willekeu-
rige bijdragen in verschillende ruimtelijke niveaus. Dit model helpt de proces-
variatie te identi ceren en nieuwe ontwerpregels teécem om de impact van de
niet-uniformiteit te verminderen. We hebben het model ook gentegreerd in het lay-
out bewuste opbrengstvoorspelling raamwerk CapheVE om virtuele proceskaarten
te genereren die de kenmerken vatxgeaheerde waferkaarten vastleggen. Met
dit raamwerk kunnen we circuitprestaties berekenen op basis van hun locaties op
de wafer, waarmee we circuitopbrengsten kunnen a eiden met behulp van Monte
Carlo-simulaties.

We hebben meer meetwaarden van de wafer nodig om het variabiliteitsmo-
del verder te valideren. Dit zou ook de waarde van wafer-to-wafer en lot-to-lot
variatie in het model kunnen karakteriseren. We hebben de CMZI-structuur op-
genomen in een fabricage proces waarbij we parameters over meerdere wafers en
volledige dies zouden moeten kunnen extraheren. Met deze informatie kunnen we
de modellering van de variatie in het niveau verbeteren.

Hoewel de relevantie van dit onderzoek voor opbrengstvoorspelling vrij duide-
lijk is, kan het alleen een praktische realiteit worden als het daadwerkelijk wordt
gentroduceerd in de ontwerpstroom die wordt gebruikt door een aanzienlijk deel
van de PIC-gemeenschap. Om dit te bewerkstelligen, moeten we de technieken
voldoende robuust maken en integreren in de tools die door echte ontwerpers wor-
den gebruikt. We werkten samen met Luceda Photonics (in het kader van het
VLAIO-project MEPIC) om ervoor te zorgen dat onze technieken werkelijke ont-
werpproblemen konden oplossen. Als resultaat van dit project zullen enkele van
de technieken (bijvoorbeeld het CapheVE-framework) worden opgenomen in toe-
komstige releases van Luceda's IPKISS-framework.
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Process Variations in Photonics Integrated Circuits

Silicon photonics is a very attractive solution for low-cost, high-volume photonic
integration for its compatibility with existing CMOS manufacturing technology.
Also, tight integration with electronics is more feasible with silicon technology
than with other photonics integrated circuits technologies. Its high contrast in
the refractive index between silicon and silicon dioxide allows for strong light
con nement, which facilitates small device footprint and large-scale integration.

However, the high material contrast and small feature size also make silicon
photonics circuits very sensitive to process variations. Process variation such as ex-
posure dose, resist age, plasma density, and chemical mechanical polishing slurry
composition can lead to nanometer-scale variations in component geometries such
as linewidth, layer thickness, sidewall angles. Variations in components geome-
tries changes the optical properties of a device such as the effective index and the
group index of a waveguide, the coupling ratio of a coupler and the center wave-
length of interferometric structures. These variations at device level propagate
and accumulate at circuit level such that optical delay has a random component
and path imbalance is induced in the circuit, which deteriorates the circuit per-
formance, making only a fraction of the fabricated circuits perform as intended.
This fraction further shrinks with increasing circuit size and complexity. In par-
ticular, wavelength Iters such as ring resonators, lattice lters, array waveguide
gratings, and so on suffer signi cantly from process fabrication leading to increas-
ing channel cross-talk, insertion loss, power consumption and deviation of channel
wavelength. Neglecting the impact of process variations could lead to failure of
the entire circuits, even with active tuning to compensate the error [1]. Process
variation is a limiting factor to fabrication yield, i.e., the fraction of functional
fabricated circuits. Without proper analysis and a practical method to predict and
mitigate its impact, process variation will increase the cost of large-volume pro-
duction and limit the scale of the integration.
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Challenges in Yield Prediction for Photonics Integrated
Circuits

To predict yield and estimate how to compensate for the degradation of fabricated
circuit performance, it becomes essential to integrate prediction of the circuit per-
formance variation in the standardized design work ow. There are two challenges
to make a realistic yield prediction for photonic integrated circuits.

First, unlike microelectronics, it is less intuitive to de ne “good” or “bad” for
photonics building blocks using one parameter. For example, the effective index
and coupling coef cients both affect the performance of the wavelength lter, but
they have no intrinsic good or bad values. The prediction should calculate the
circuit performance induced by these parameter variations since ultimately it is
the mismatch between the response of designed circuit and fabricated circuit that
degrade the performance.

Second, process variations are not purely random. As process variations are
highly location-dependent, the performance of the fabricated circuit is primarily
determined by the layout of the circuit and its position on the wafer. A realistic
yield prediction requires to capture the random and the location-dependent varia-
tions quantitatively.

Contribution of This Work

To make the layout-aware yield prediction, we proposed a technique that maps
variations of low-level behavioral parameters (effective index, coupling coef -
cient) or fabricated geometry parameters (linewidth, thickness) to high-level cir-
cuit performance variations. By assigning location-aware variations that mimic
the actual fabrication variation, we can derive the high-level circuit variations us-
ing Monte-Carlo simulations. This technique requires three pieces of information:
an accurate collection of data on the fabricated wafer, a realistic variation model to
separate systematic and random variations on different spatial levels, and a virtual
fabrication wafer map based on extracted fabricated data to enable Monte-Carlo
simulations.

Collecting data on fabricated wafers offers input for variability analysis. We
want to derive geometry parameters of fabricated waveguide because they are the
most fundamental layout parameters to re ect the process quality. However, it is
very costly to obtain them using traditional measurement techniques. We proposed
a method to extract silicon waveguide geometry using spectral measurements of
a pair of MZI circuits. We carried out a comprehensive analysis to reduce the
parameter bounds, which improves extraction accuracy signi cantly. Using the
curve tting method, we also managed to make the extraction methods more toler-
ant of measurement noise and grating coupler variations. We proposed a step-wise
work ow that allows us to extract linewidth and thickness with sub-nanometer
accuracy, which makes it possible to extract detailed fabrication wafer maps for
further analysis.
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Figure 2: Components for realistic variability analysis and yield prediction.

Extracting waveguide width and thickness helps to analyze the process vari-
ations on a silicon photonics chip. Often, we also need to know the fabricated
quality of directional couplers to analyze the process variation of couplers and to
estimate the impact of variations on the performance of the optical Iters, which re-
quires a compact behavioral model for the directional coupler. We constructed and
validated a compact model of the directional coupler that helps to separate com-
ponent design from circuit design. Extracting coupling coef cients is not trivial in
the presence of measurement noise, alignment error, and grating coupler variation.
We compared different designs and methods and proved that using curve tting
and good grating coupler model, we can extract parameters of the directional cou-
pler with high accuracy from an MZI circuit.
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To simultaneously extract multiple parameters of on-chip waveguides and di-
rectional couplers from optical measurements, we proposed a folded two-stage
MZI circuit. The compact design suffers less from local variation within the cir-
cuit, which signi cantly improves the accuracy of extraction. Also, the circuit
greatly reduces the duration of wafer-scale optical measurements, making it useful
for process control monitoring. We used the restart CMA-ES global optimization
algorithm to extract parameters for complicated spectra of the circuit. We also
illustrated the work ow to plot detailed wafer maps for variability analysis from
wafer measurements.

To analyze extracted wafer maps that contain rich information about the pro-
cess variation, we proposed an additive hierarchical model that can decompose
variability on various spatial levels into systematic and random variation. We dis-
cussed the physical origins of these process variations and constructed a work ow
to separate variability on intra-wafer, intra-die level, and introduced wafer-die in-
teraction term to reduce random variation in our analysis. We applied the model to
analyze the measurements on a 200 mm wafer fabricated in IMEC's silicon pho-
tonics platform based on 193 nm lithography. The result shows that the systematic
variation is the primary source of variation for both linewidth and thickness. At
the die level, we found that systematic width pattern is closely related to the local
pattern density. Our ndings help to identify the process variation and create new
design rules to alleviate the impact of the non-uniformity. If the systematic vari-
ation we observed can be further re ned and compensated in the process, we can
foresee the photonics wafers with signi cantly better fabrication uniformity in the
future.

In the next step, we developed the CapheVE framework that allows us to im-
port the spatial variability model and generate virtual fabrication wafers. The
framework combines the circuit model, parameter sensitivity, circuit layout, and
process variability model. Circuit parameters are altered according to its sensi-
tivity and layout and location on the wafer. Using CapheVE, we can place the
instances of the circuit over the wafer, and run Monte Carlo simulation to gen-
erate the response for all circuits. We can then use the generated responses for
layout-aware variability analysis and yield prediction. We did interesting experi-
ments with the CapheVE framework. We generated virtual wafers that exhibit a
good match in statistical properties and spatial correlation of the process variations
with the fabricated wafer. We also used the framework to make yield prediction
for wavelength de-multiplexer and to validate the parameter extraction work ow
using the compact two-stage MZI.

We also tried stochastic analysis methods to reduce the cost of Monte Carlo
methods for yield prediction. Compared to the Monte Carlo method, the stochas-
tic analysis method could signi cantly reduce the simulation cost. We applied
the stochastic collocation method to analyze the variability of DC. The method
signi cantly reduced the cost of simulation time.
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Conclusions and Perspectives

In this work, we proposed a complete framework to make realistic yield prediction
for photonics integrated circuits. Our methods to extract fabricated geometries
or waveguide and coupler behavioral parameters help to obtain detailed fabrica-
tion wafer maps with high accuracy from spectral measurements. The variability
model we constructed decomposes process variations into systematic and random
contributions on different spatial levels. This model helps to identify the process
variation and create new design rules to alleviate the impact of the non-uniformity.
We also integrated the model into the layout-aware yield prediction framework
CapheVE to generate virtual process maps that captures the features of extracted
wafer maps. This framework allows us to calculate circuits performances accord-
ing to their locations on the wafer, with which we can derive circuit yield using
Monte Carlo simulations.

We need more wafer measurements to validate the variability model further.
Also, this could characterize the value of wafer-to-wafer and lot-to-lot variation in
the model. We have included the CMZI structure on a fabrication run where we
should be able to extract parameters over multiple wafers and full dies. With these
information we might improve the modeling of the die-level variation.

While the relevance of this research on yield prediction is quite clear, it can
only become a practical reality if it is actually introduced into the design ow
that is used by a signi cant fraction of the PIC community. To bring this about, we
should make the techniques suf ciently robust and integrate them into the tools that
are used by actual designers. We worked together with Luceda Photonics (in the
framework of the VLAIO project MEPIC), to make sure that our techniques could
solve actual design problems. As a result of this project, some of the techniques
(e.g., the CapheVE framework) will be incorporated in future releases of Luceda's
IPKISS framework.
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Introduction

The major goal of this work is to answer a question: When | design a photonic
circuit, what is the chance that it will work when it is fabricated? This 'chance’
translates in what is called 'yield'. To answer the question, we need to make re-
alistic yield prediction. In this work, we explored and researched on a few topics
including compact behavioral models for photonic circuits, methods to make ac-
curate and robust wafer-scale parameter extraction, spatial variability model of
photonics, and layout-aware yield prediction framework. In this thesis, we will
discuss the research we did on those topics and propose and verify a comprehen-
sive work ow to make layout-aware yield prediction at the design stage.

1.1 Integrated Photonics

As has been largely experimented by microelectronics for a few decades, integra-
tion of circuits and functions on the same chip leads to signi cant reductions in
assembly and test cost. Besides, the miniaturization process shrinks the footprint
and lowers power consumption. The same bene ts can apply to photonics.
Photonics is a technology to generate, modulate, propagate and detect light. In-
tegrated photonics miniaturizes bulky photonic devices to process light on the sur-
face of a chip. A photonic integrated circuit consists of functional building blocks
connected by waveguides, which makes it a 'circuit’. These building blocks per-
form functions such as light generation, electro-optical signal modulation, photo
detection, light distribution and wavelength ltering implemented as on-chip in-
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Figure 1.1: (a) Electronicphotonic silicon chip. Figure reproduced from ref. [2]. (b)
Quantum silicon chip. Figure reproduced from ref. [3].

terferometers.

In integrated photonics, there co-exist several technologies. The most common
of these are Silica-on-silicon, Lithium Niobate, 111-V semiconductor materials and
Silicon-on-insulator. Silica-on-Silicon uses doped silica as a core where undoped
silica is used as a cladding. Silica-on-Silicon waveguide has a low index con-
trast (2% or lower). It requires a large bend radius to guide light which leads to
large device footprint and low integration density. Lithium Niobate has suitable
for electro-optical modulation and non-linear optics. But it has a complex process
which is very expensive for large scale integration. 1ll-V based technologies such
as Indium Phosphide technology allows us to build lasers, optical ampli ers, and
photodetectors on alloys I1I-V since it is a direct bandgap material able to generate
and amplify light. It is also possible to integrate electronic elements with technol-
ogy. Monolithically integrated InP multi-wavelength transceivers on the market
can work up to 100Ghit/s [1] already.

Meanwhile, in the past decades silicon photonics has been growing at a break-
neck pace precisely because it is basically compatible with the well-developed
Silicon process infrastructure that supported very large scale integration on-chip
and which led to the advancement of the highly integrated CMOS devices. This
gives silicon photonics a signi cant leverage in reducing the cost, especially when
the market needs high volumes of products. Also, tight integration with electronics
is also more feasible with silicon technology than with other PIC technologies. [2].
In the foreseeable future, silicon photonics might still need hybrid integration with
[1I-V to add lasers and ampli ers. Nevertheless, all the other photonics building
blocks can be realized, such as waveguides, power splitters, de-multiplexers, mod-
ulators, detectors (Germanium monolithically integrated), etc.
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Silicon photonics also bene ts from the high index contrast of silicon, enabling
strong light con nement and miniaturized circuits. The miniaturization is not yet
the level in comparison with electronics. Still, it is signi cant. Photonic systems-
on-chip have already integrated 1000 functional elements onto a few square
millimeters circuit [4]. This paves the road for applications such as large switch
matrices in data center [5], LIDAR [6], quantum computing [3], etc.

1.2 Process Variation in Silicon Photonics

Silicon Photonics is a promising solution for low-cost large-volume production
of photonic circuits because of its compatibility with existing CMOS manufac-
turing technology. Also, it enables large-scale integration by its high contrast in
refractive index (between silicon and silicon dioxide), which allows strong light
con nement, and thus small footprint. However, the high material contrast and
small feature size also make silicon photonic circuits very sensitive to nanome-
ter scale variations in component geometries, which can be induced by process
variations. Process variability induces changes in behavior of photonic circuits at
different levels (Fig. 1.2). Process variation such as exposure dose, resist age,
plasma density, and CMP slurry composition lead to variations in device geometry
such as linewidth, layer thickness, sidewall angles, and doping pro le variation.
Process variation affects optical properties of a device such as effective index and
group index of a waveguide, the coupling of a coupler and center wavelength of in-
terferometric structures. The performance variations at device level propagate and
accumulate at circuit level so that optical delay has a random component and path
imbalance is induced in the circuit, which deteriorates the circuit performance,
making only a fraction of the fabricated circuits perform as intended. This frac-
tion further shrinks with the increasing circuit size and complexity. In particular,
wavelength lters such as ring resonators, lattice Iters, array waveguide gratings
and so on suffer signi cantly from process fabrication leading to increasing chan-
nel cross-talk, insertion loss, power consumption and deviation of channel wave-
length. Neglecting the impact of process variations could lead to failure even with
tuning to compensate the error [7]. Process variation is a limiting factor to fab-
rication yield, i.e., the fraction of functional fabricated circuits. Without a good
analysis and a practical method to predict and mitigate its impact, process vari-
ation will increase the cost of large-volume production and limit the scale of the
integration.
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Figure 1.2: Describing variability presents at different levels.

1.3 Yield Prediction of Silicon Photonics

Process variations increase the cost of the delivered product and limit the capac-
ity of a circuit. Predicting the circuit performance variation becomes essential in
standardized design work ow to predict yield and estimate how to compensate for
degradation of the fabricated chip.

In integrated electronics, the traditional way to assess the performance of cir-
cuits under the effects of variability is corner analysis, which calculates best and
worst cases under a fabrication variation. The de nition of best or worst is of-
ten clear (e.g. slow and fast transistors). Better corresponds to lower resistance,
faster switching times, etc. However, it is less intuitive to de ne “good” or “bad”
for photonics building blocks using one parameter. For example, the effective in-
dex and coupling coef cients both affect the performance of the wavelength lter,
but they have no intrinsic good or bad values. It is the deviation from the designed
value or the mismatch between values of components in the circuit that degrade the
performance. To predict the yield of photonics circuits, we can map variations of
low-level behavior parameters (effective index, coupling coef cient) or fabricated
geometry parameters (linewidth, thickness) to high-level circuit performance vari-
ations. By assigning location-aware variations that mimic the actual fabrication
variation, we can derive the high-level circuit variations using Monte-Carlo simu-
lations. This technique requires three pieces of information: an accurate collection
of data on the fabricated wafer, a realistic variation model to separate systematic
and random variations on different spatial levels, and a virtual fabrication wafer
map based on extracted fabricated data to enable Monte-Carlo simulations. This
thesis will discuss our progress on these aspects to achieve realistic yield predic-
tion.
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Figure 1.3: Components for realistic variability analysis and yield prediction.

1.4 Outline of the Thesis

1.4.1 Compact Behavioral Model and Parameter Extraction

Extracting compact model parameters of fabricated circuits is essential to get input
data for performance evaluation [8] and variability analysis [9]. Extracting fabri-
cated geometry is essential to map fabricated variations to circuit performance
variations.

In Chapter 2, we will introduce a method to extract silicon waveguide geometry
with sub-nanometer accuracy using spectral measurements. We will discuss how
to obtain effective index and group index with high accuracy from a pair of Mach-
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Zehnder InterferometersviZl) and how to map them to waveguide width and
thickness.

In Chapter 3, we will describe how we built and validated a compact behav-
ioral model of the directional coupler. We will also compare a few circuit designs
and methods to extract coupler model parameters. We will discuss how to accu-
rately extract coupler model parameters in the presence of measurement noise and
grating coupler process variations.

In Chapter 4, we will present a compact circuit to extract multiple parameters
of waveguides and directional couplers simultaneously. The design suffers less
from a local variation, which signi cantly improves the accuracy of extraction.
The circuit also greatly reduces the duration of wafer-scale optical measurements,
making it very useful for process control monitoring. We will illustrate the global
optimization algorithm and the work ow to extract parameters from wafer mea-
surements and plot detailed wafer maps for variability analysis.

1.4.2 Spatial Variability Model

To analyze the statistics of the parameters extracted from fabricated wafer maps
and regenerate the statistics in the yield prediction, we require a variability model.
In Chapter 5, we proposed a hierarchical model to separate the layout-dependent
systematic process variation and random process variation on different spatial lev-
els. Using the model, we decomposed variations of the measured wafer maps and
found out quantitatively how each of them contributes to the total process varia-
tion. We also observed that die-level systematic linewidth variation is correlated
with local pattern density.

1.4.3 Yield Prediction

Being able to estimate the yield at the design stage is crucial to improve the design
for better process tolerance. Also, the prediction helps to estimate and reduce the
cost of production. In Chapter 6, we will propose our solutions to two major issues
to predict the yield for silicon photonics. In the rst part, we will discuss methods
based on the stochastic analysis to reduce simulation cost for yield prediction. In
the second part, we will illustrate the CapheVE framework to make layout-aware
yield prediction. We will describe how to generate virtual wafer maps from real
fabrication statistics and how to include link process variability to performance
variation of circuits in the framework. We will show the example where we used
CapheVE to verify the extraction work ow proposed in Chapter 4 and the spatial
variability model described in Chapter 5.



INTRODUCTION 1-7

1.5 Funding and Collaborations

This work was carried out in the framework of the Flemish Research Foundation
(FWO-Vlaanderen) project and Flemish Agency for Innovation and Entrepreneur-
ship (VLAIO) with the MEPIC project. It involved the joint effort from the Pho-
tonic Research Group and the SUMO (SUrrogate MOdeling) Lab. It also involved
a collaboration with Luceda Photonics.

1.6 Publications

1.6.1 Publications in International Journals

1. Y. Xing, M. Wang, A. Ruocco, J. Geessels, U. Khan, W. Bogaerts, “A Com-
pact Silicon Photonics Circuit to Extract Multiple Parameters for Process
Control Monitoring”, OSA Continuum, (submitted).

2. M. Wang, A. Ribeiro, Y. Xing, W. Bogaerts, “Tolerant, Broadband Tunable
2 2 Coupler Circuit”, Optics Express, (submitted).

3. B. Ouyang, Y. Xing, W. Bogaerts, J. Caro, “Silicon Ring Resonators with
a Free Spectral Range Tolerant against Fabrication Variations”, Optics Ex-
press, (submitted).

4. W. Bogaerts, Y. Xing, U. Khan, “Layout-Aware Variability Analysis, Yield
Prediction and Optimization in Silicon Photonic Circuits”, IEEE Journal on
Selected Topics in Quantum Electronics, 25(5), pp. paper 6100413 (2019).

5. U. Khan, Y. Xing, Y. Ye, W. Bogaerts, “Photonic integrated circuits design
in a foundry+fabless ecosystem”, Journal of Selected Topics in Quantum
Electronics, (2019).

6. Y. Xing, J. Dong, S. Dwivedi, U. Khan, W. Bogaerts, “Accurate Extraction
of Fabricated Geometry Using Optical Measurement”, Photonics Research,
6 (11), pp. 1008-1020 (2018).

7. Y. Ye, D. Spina, Y. Xing, W. Bogaerts, T. Dhaene, Numerical Modeling of
a Linear Photonic System for Accurate and Ef cient Time-Domain Simula-
tions, Photonics Research, (2018)

8. Y. Xing, D. Spina, A. Li, T. Dhaene, W. Bogaerts, Stochastic Collocation
for Device-level Variability Analysis in Integrated Photonics, Photonics Re-
search, (2016)

9. Y. Xing, T. Ako, J. George, D. Korn, H. Yu, P. Verheyen, M. Pantouvaki, G.
Lepage, P. Absil, A. Ruocco, C. Koos, J. Leuthold, K. Neyts, J. Beeckman,



1-8 INTRODUCTION

W. Bogaerts, Digitally Controlled Phase Shifter using an SOI Slot Waveg-
uide with Liquid Crystal In ltration, Photonics Technology Letters, (2015)

1.6.2 Publications in International Conferences

1. U. Khan, Y. Xing, W. Bogaerts, “Parameter extraction, variability analysis
and yield prediction of the photonic integrated circuits.”, Advanced Photon-
ics Congress, United States, (2019).

2. M. Wang, A. Ribeiro, Y. Xing, W. Bogaerts, “Tolerant, Broadband Tunable
2x2 Coupler Circuit”, IEEE Photonics Society Summer Topicals, United
States, (2019).

3. W. Bogaerts, Y. Xing, Y. Ye, U. Khan, J. Dong, J. Geessels, M. Fiers, D.
Spina, T. Dhaene, “Predicting Yield of Photonic Circuits With Wafer-Scale
Fabrication Variability”, 2019 IEEE MTT-S International Conference on
Numerical Electromagnetic and Multiphysics Modeling and Optimization.,
United States, (2019).

4. Y. Xing, M. Wang, A. Ruocco, J. Geessels, U. Khan, W. Bogaerts, “Extract-
ing Multiple Parameters from a Compact Circuit for Performance Evalua-
tion”, European Conference on Integrated Optics (ECIO 2019), Belgium,
pp. W.P01.9 (2019).

5. U. Khan, Y. Xing, A. Ribeiro, W. Bogaerts, “Extracting Coupling Coef -
cients of Directional Couplers”, European Conference on Integrated Optics
(ECIO 2019), Belgium, pp. W.P0.1.8 (2019).

6. U. Khan, Y. Xing, W. Bogaerts, “Designing large-scale photonic integrated
circuits”, OPTICS 2019, Italy, (2019).

7. U.Khan, Y. Xing, W. Bogaerts, “Designing Large-Scale Photonic Integrated
Circuits”, OPTICS 2019, Italy, (Invited).

8. U. Khan, Y. Xing, W. Bogaerts, “Effect of Fabrication Imperfections on
the Performance of Silicon-on-Insulator Arrayed Waveguide Gratings”, Pro-
ceedings of the 23rd Annual Symposium of the IEEE Photonics Benelux
Chapter, Belgium, (2018).

9. Y. Xing, J. Dong, U. Khan, Y. Ye, D. Spina, T. Dhaene, W. Bogaerts, “From
Parameter Extraction, Variability Models to Yield Prediction”, Latin Amer-
ica Optics & Photonics Conference, Peru, pp. paper W3E.1 (3 pages) (in-
vited 2018).



INTRODUCTION 1-9

10.

11.

12.

13.

14,

15.

16.

17.

18.

19.

20.

Y. Ye, D. Spina, Y. Xing, W. Bogaerts, T. Dhaene, “Fast and Accurate Time-
Domain Simulation of Passive Photonic Systems”, IEEE International Con-
ference on Electromagnetics in Advanced Applications, Colombia, pp. 396-
399 (2018).

Y. Xing, J. Dong, U. Khan, W. Bogaerts, “Hierarchical Model for Spa-
tial Variations of Integrated Photonics”, IEEE International Conference on
Group IV Photonics, Mexico, pp. 91-92 (WD4) (2018).

W. Bogaerts, U. Khan, Y. Xing, “Layout-Aware Yield Prediction of Photonic
Circuits”, IEEE International Conference on Group IV Photonics, Mexico,
pp. p93-93 (WD5) (2018).

Y. Xing, M. Khan, Y. Ye, W. Bogaerts, Extracting Fabricated Geometry
on Die-Level, 2017 IEEE Photonics Scociety Benelux Annual Symposium,
Netherlands, p.148-151 (2017)

Y. Xing, M. Khan, A. Ribeiro, W. Bogaerts, Behavior Model for Direc-
tional Coupler, 2017 IEEE Photonics Scociety Benelux Annual Symposium,
Netherlands, (2017)

A. Li, Y. Xing, W. Bogaerts, An Integrated Tunable Re ector, European
Conference on Integrated Optics (ECIO, Netherlands, p.paper W3.1 (2017)

Y. Xing, A. Li, R. Van Laer, R. Baets, W. Bogaerts, Backscattering Induced
Transmission Noise and Length Dependent Attenuation in Silicon Waveg-
uides, 2016 IEEE Photonics Society Benelux Annual Symposium, Belgium,
(2016)

A. Li, Y. Xing, R. Van Laer, R. Baets, W. Bogaerts, Extreme Spectral Trans-
mission Fluctuations in Silicon Nanowires Induced by Backscattering, IEEE
International Conference on Group IV Photonics 2016, China, p.paper FB4
(2 pages) (2016)

Y. Xing, A. Li, R. Van Laer, R. Baets, W. Bogaerts, Backscatter Model
for Nanoscale Silicon Waveguides , 24th International Workshop on Opti-
cal Wave & Waveguide Theory and Numerical Modelling (OWTNM 2016),
Poland, p.paper OWTNM/O-18 (2016)

Y. Xing, D. Spina, A. Li, T. Dhaene, W. Bogaerts, Variability analysis of
device-level photonics using stochastic collocation , SPIE Photonics Europe
2016, Belgium, (2016)

A. Li, Y. Xing, W. Bogaerts, A Novel Sensing Scheme Based on Resonance
Splitting of Silicon Microrings, IEEE Photonics Society Benelux, Belgium,
(2015).



1-10

INTRODUCTION

21.

22.

A. Li, T. Van Vaerenbergh, P. De Heyn, Y. Xing, P. Bienstman, W. Bogaerts,
Experimentally demonstrate the origin for asymmetric resonance splitting
and contributions from couplers to backscattering in SOI microrings, Inte-
grated Photonics Research, Silicon and Nano Photonics (IPR 2015), United
States, p.IM2B.6 (2015)

Y. Xing, T. Ako, J. George, D. Korn, H. Yu, P. Verheyen, M. Pantouvaki, G.
Lepage, P. Absil, C. Koos, J. Leuthold, J. Beeckman, W. Bogaerts, Direct
Digital Control of an Ef cient Silicon+Liquid Crystal Phase Shifter, 11th
International Conference on Group IV Photonics (GFP), France, p.43-44
(2014)



INTRODUCTION 1-11

References

[1]

(2]

3]

[4]

(5]

Fred Kish, Vikrant Lal, Peter Evans, Scott W. Corzine, Mehrdad Ziari, Tim
Butrie, Mike Ref e, Huan-Shang Tsai, Andrew Dentai, Jacco Pleumeekers,
Mark Missey, Matt Fisher, Sanjeev Murthy, Randal Salvatore, Parmijit Samra,
Scott Demars, Naksup Kim, Adam James, Amir Hosseini, Pavel Studenkov,
Matthias Lauermann, Ryan Going, Mingzhi Lu, Jiaming Zhang, Jie Tang, Jeff
Bostak, Thomas Vallaitis, Matthias Kuntz, Don Pavinski, Andrew Karani-
colas, Babak Behnia, Darrell Engel, Omer Khayam, Nikhil Modi, Moham-
mad Reza Chitgarha, Pierre Mertz, Wilson Ko, Robert Maher, John Osenbach,
Jeffrey T. Rahn, Han Sun, Kuang-Tsan Wu, Matthew Mitchell, and David
Welch. System-on-Chip Photonic Integrated CircuitEEEE Journal of Se-
lected Topics in Quantum Electronics, 24(1):1-20, 1 2018.

Amir H. Atabaki, Sajjad Moazeni, Fabio Pavanello, Hayk Gevorgyan, Je-
lena Notaros, Luca Alloatti, Mark T. Wade, Chen Sun, Seth A. Kruger,
Huaiyu Meng, Kenaish Al Qubaisi, Imbert Wang, Bohan Zhang, Anatol Khilo,
Christopher V. Baiocco, Milo A. Popo¥j Vladimir M. Stojanove, and Ra-
jeev J. Ram.Integrating photonics with silicon nanoelectronics for the next
generation of systems on a chidature, 556(7701):349-353, 4 2018.

Jianwei Wang, Stefano Paesani, Yunhong Ding, Raffaele Santagati, Paul
Skrzypczyk, Alexia Salavrakos, Jordi Tura, Remigiusz Augusiak, Laura
Mancinska, Davide Bacco, Damien Bonneau, Joshua W. Silverstone, Qihuang
Gong, Antonio Aén, Karsten Rottwitt, Leif K. Oxenlgwe, Jeremy L. O'Brien,
Anthony Laing, and Mark G. ThompsorMultidimensional quantum entan-
glement with large-scale integrated opticScience, 360(6386):285-291, 4
2018.

Francesco Testa, Claudio J. Oton, Christophe Kopp, Jong Moo Lee, Rubn
Ortufio, Reinhard Enne, Stefano Tondini, Guido Chiaretti, Alberto Bianchi,
Paolo Pintus, Min Su Kim, Daivid Fowler, Jos ngelisar, Michael Hofbauer,
Mattia Mancinelli, Maryse Fournier, Giovan Battista Preve, Nikola Zecevic,
Costanza L. Manganelli, Claudio Castellan, GabrieEBa®livier Lemonnier,
Fabrizio Gambini, Pierre Labeye, Marco Romagnoli, Lorenzo Pavesi, Horst
Zimmermann, Fabrizio Di Pasquale, and Stefano Strabesign and Imple-
mentation of an Integrated Recon gurable Silicon Photonics Switch Matrix in
IRIS Project IEEE Journal on Selected Topics in Quantum Electronics, 22(6),
11 2016.

Russell A. Budd, Laurent Schares, Benjamin G. Lee, Fuad E. Doany, Chris-
tian Baks, Daniel M. Kuchta, Clint L. Schow, and Frank LibscBemicon-
ductor optical ampli er (SOA) packaging for scalable and gain-integrated sil-



1-12 INTRODUCTION

[6]

icon photonic switching platformsin Proceedings - Electronic Components
and Technology Conference, volume 2015-July, pages 1280-1286. Institute of
Electrical and Electronics Engineers Inc., 7 2015.

Christopher V. Poulton, Ami Yaacobi, David B. Cole, Matthew J. Byrd, Manan
Raval, Diedrik Vermeulen, and Michael R. Wat@oherent solid-state LIDAR
with silicon photonic optical phased array©ptics Letters, 42(20):4091, 10
2017.

[7] Wim Bogaerts, Umar Khan, and Yufei Xingayout-Aware Yield Prediction of

(8]

9]

Photonic Circuits In IEEE International Conference on Group IV Photonics,
pages 1-2, Cancun, Mexico, 2018. leee.

Zeqin Lu, Jaspreet Jhoja, Jackson Klein, Xu Wang, Amy Liu, Jonas Flueck-
iger, James Pond, and Lukas Chrostowsldrformance prediction for silicon
photonics integrated circuits with layout-dependent correlated manufacturing
variability. Optics Express, 25(9):9712, 2017.

Yufei Xing, Domenico Spina, Ang Li, Tom Dhaene, and Wim Bogaerts.
Stochastic collocation for device-level variability analysis in integrated pho-
tonics Photonics Research, 4(2):93, 2016.



Behavioral and Geometry Parameter
Extraction of A Waveguide

Process variations have a signi cant impact on the performance of integrated pho-
tonics. To understand the behavior of process variations, we need methods to
measure the variations accurately. Fabricated linewidth and thickness of waveg-
uides are the most fundamental layout parameters that re ect the process quality.
However, it is very costly to obtain them using current measurement techniques,
which makes it dif cult to obtain wafer maps to present process variations.

In this chapter, we will introduce an method to extract silicon waveguide ge-
ometry with sub-nanometer accuracy using spectral measurements. The effective
index and group index of silicon on insulator (SOI) waveguides are extracted from
the spectral measurements of a pair of Mach-Zehnder Interferomitgiy. (We
built an accurate model mapping the SOI waveguide geometry to its effective in-
dex and group index to obtained accurate values of linewidth and thickness. We
will analyze in detail how to set up the bounds for the effective index and group
index to get the extraction with improved accuracy. We will also discuss principles
to design the MZI extraction circuits. We applied the method on a die fabricated
by IMEC multiproject wafer services and will present the result at the end of the
chapter.
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2.1 Process Monitoring for Silicon Photonic Waveg-
uides

The sub-micron Silicon-on-Insulator (SOI) platform for silicon photonics offers
tight con nement of light and compact integration of photonic devices. However,
the high material index contrast also makes devices very sensitive to the geometry
variation [1]. The variation introduced in fabrication often signi cantly deterio-
rates the device performance. Especially for spectral lters, geometry variation
causes a shift in the spectrum and needs good compensation [2, 3]. Therefore, an
accurate evaluation of the fabricated geometry helps to estimate how to compen-
sate the performance error and make a sensible design.

2.1.1 Challenges in Metrology Measurement

Extracting the fabricated linewidth and layer thickness is essential in getting the
input data for analyses such as performance evaluation, [4, 5], revising compact
behavioral models [6], variability analysis in Chapter 5 and yield prediction in
Chapter 6. However, metrology measurement of a fabricated photonic chip using
a scanning electron microscod&EM) is both expensive and destructive. Con-
ventionally, the semiconductor fab only takes a few destructive cross-section pic-
tures at given wafer locations on different dies, and this only during process de-
velopment, not in production. The accuracy of such SEM-based measurements
is usually limited to a few nm, which is good for a qualitative con rmation but

not accurate enough for exact modeling. Ultra-precise methods suato@ic

force microscop€AFM) are extremely time-consuming [7]. In production, non-
destructive methods such as top-down SEM, ellipsometry, and scatterometry, are
used to measure geometries such as line widths and layer thickness. The problem
with such measurements is that they are collected in dedicated measurement sites,
which are often not representative for the actual waveguide devices. The current
methods are not capable of extracting accurate wafer maps of the actual device
geometry on hanometer-scale and its variability.

An alternative approach is to use optical transmission measurements on the
actual devices to extract the variation of geometry parameters. Investigating the
spectral response of devices such as micro-disks or long Bragg gratings offers a
more ef cient way of characterizing manufacturing variations. However, most
demonstrated methods either use dual-polarization measurements or request com-
plex spectral re ection measurements from both ends of the device [4, 8]. Opti-
cal properties such as the effective index and group index can be extracted from
interfering structures such adach-Zehnder interferometef$12I1) [3] and ring
resonators [5, 9]. Recent research shows the possibility to correlate waveguide ge-
ometry with these behavioral parameters such as resonance wavelength and group
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index by mapping them with a linear model [5]. Lu et al. measured spectral re-
sponses of ring resonators over the wafer and from this derived a geometry wafer
map, demonstrating the potential of the optical method for wafer-scale geometry
extraction. In this study, they used a ring resonator which consists of both straight
and bent waveguides. Since straight and bend waveguides have different effective
and group indices, the geometrical cross-section of a straight waveguide cannot be
extracted accurately from a ring, without making assumptions on the straight and
bend geometry that cannot be veri ed.

Even though geometry extraction through transmission measurements shows
real practical potential, it is still challenging to characterize the manufacturing
quality accurately. First of all, the geometry model that links geometry with the
behaviour parameters should on one hand be very accurate, but on the other hand
have as few parameters as possible. This is hard to achieve with combinations of
different waveguide types (straight and bend), each with their own optical proper-
ties. Secondly, there is always noise and re ection-induced fringes in the spectral
measurements, error in measurement alignment and variabititatimg couplers
(GC). Itis essential to develop a method which is tolerant of the above-mentioned
factors. Thirdly, geometry extraction requires a method to simultaneously extract
both effective and group indices from the same device. Most importantly, it is
not trivial to get the correct effective index from the spectrum of an interfering
device [10]. We need a quantitative discussion to choose the right effective index
from many possible solutions.

2.1.2 The Work ow of the Process Monitoring using Optical
Measurement

In this chapter, we will address the above-mentioned challenges in a systematic
way. As shown in Fig. 2.1, we rst perform optical measurements on MZls. We
build a circuit model of the device and match the simulated transmission curve
with measurements to get behavioral parameters of a waveguide sughasin

ng. Next, we build an accurate model to mag: rand ry to waveguide width

and thickness. Then, using the model, we obtain waveguide geometry parame-
ters from extracted behavior parameters. We automated the optical measurement
and repeated the geometry extraction on devices with the same design over the
wafer. From the extraction, we perform a variability analysis and derive fabrication
variation with high accuracy. In Section 2.2, we propose an improved geometry
model to offer high modeling accuracy. In Section 2.3, we show that a curve tting
method is less sensitive to measurement noise and helps in removing the grating
coupler envelope, and in Section 2.4, we show how to design two MZIs to extract
the accurate and uniquegaind ry given the waveguide geometry variation range.
Section 2.5 discusses the procedure of the waveguide geometry extraction from a
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couple of MZIs. Finally, in Section 2.6 we apply the method to extract linewidths
and thicknesses of SOl waveguides on a die fabricated by the IMEC MPW service.

Figure 2.1: The work ow of extracting behavioral parameters and fabricated geometry
using optical measurements.
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2.2 An Accurate Geometry Model of Waveguide

Figure 2.2: Cross-section schematic of an oxide-clad SOI strip waveguide 8&h a
sidewall angle.

We do not measure linewidthy and thickness directly, so we infer them from

the results of optical transmission measurements. In particular, we rst extract
the effective index g and group index pof the waveguide. To calculate the
fabricated waveguide linewidtv and thickness from the effective index & and
group index g, we require a geometry model that linkgsrand ry to w andt. To

build the model, we simulated oxide-clad Si waveguide cross-section (Fig. 2.2 )
with the COMSOL Multiphysicginite Element Metho@EM) solver. According

to the IMEC technology handbook of the run, a fabricated strip waveguide has a
sidewall angle oB5 , so we simulated the waveguide witl8& sidewall angle.

The waveguide width is the bottom width of the trapezoidal. We swept width from
440 nm to 500 nm and thickness from 195 nm to 235 nm, and calculgtezhd

ng at 1550 nm wavelength. The linewidth-thickness grid in Fig. 2.3 (a) can be
mapped one-on-one to the simulategk  ng grid (black solid line with circles)

in Fig. 2.3 (b). Then, we tted simulatedspand ry using polynomials o#v andt.

We build rst-, second- and third-order polynomial models (dashed lines Fig. 2.3
(b)). Both s and ry vary quite linearly withw andt. Nonetheless, the rst-order
tted linear model shows a clear deviation (maximum 0.32 per cent errqiiamd

0.40 per cent ing) from simulated g and ry. The third-order model matches the
simulation very accurately(, as will be quanti ed in the discussion below). Then,
to getw andt from spectral measurements, we wret@andt , as a polynomial of

Ner and ry at 1550 nm as:

W= po+ [y Py Nerr N (2.1)
t= 0o+ g1 Gy Nerr NG (2.2)

wherep, andgy are constant termg;; , andg; are coef cients in polynomi-
als, andh is the order of the polynomial.
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Figure 2.3: (a) width and thickness grid of strip waveguides; (b) effective and group index
of strip waveguides on the geometry grid using the COMSOL FEM simulation, and the
rst-, the second- or the third-order polynomial mapping model.
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Using a simulated model can introducsimulation error coming from a dif-
ference between the actual waveguide geometry (both dimensions, shape and ma-
terial properties) and the trapezoidal geometry model we used in the mode solver.
We have considered the sidewall angle in our model, but still we don't know the
actual geometry, so it is very hard to compensate for this error. This means that
some parameters will be only relative.

In addition, themapping erroris the difference between the simulated trape-
zoidal waveguide geometry and extracted trapezoidal waveguide geometry using
the geometry model. To calculate the mapping error, we rst use simulated n
and ry for simulated geometry. Then, we calculate the waveguide geometry using
a polynomial model with the simulatedsand ry. The mapping error reduces
signi cantly with the order of the polynomial.(Table. 2.1) The rst-order model
has a maximum error of several nanometers which is comparable to the reported
intra-wafer manufacturing variations in width of 0.78 nm to 2.65 nm, and in thick-
ness of 0.83 nm to 4.16 nm. [11-16] Obviously, the modelling error is too large
to extract intra-die variations (variations between same devices on one die). For a
good estimation of the fabricated geometry variation, especially to study variabil-
ity on intra-wafer level and intra-die level, a lower mapping error is required. The
third-order polynomial model has maximum error of 0.05 nm for both linewidth
and thickness (Fig. 2.4), which is one magnitude smaller than the fabrication vari-
ation. A low modelling error makes geometry extraction more accurate and cred-
ible. Polynomial with a higher-order does not signi cantly improve the mapping
accuracy so that we used the third-order polynomial as our model.

Figure 2.4: Error contour plot of the proposed third-order polynomial model where w
ranges from 440 to 500 nm and thickness ranges from 195 to 235 nm. Left: width
extraction error; Right: thickness extraction error.



2-8 CHAPTER 2

Error w[nm] Error t[nm]
1st order 5.10 457
2nd order 0.14 0.18
3rd order 0.06 0.08

Table 2.1: Error of polynomial models (order = 1,2,3).

2.3 Extracting Effective Index and Group Index from
an MZ|

Before we can determine the waveguide geometry frgmamd ry, we need to
experimentally measure those quantities of a device and isolate the values for a
straight waveguide. This effectively means that we need a device where a trans-
mission measurement can give us an accurate extraction of hptind r for a
straight waveguide only, and which is in the presence of measurement noise and
variation in the coupling structures.

2.3.1 Using an MZI or a Ring Resonator?

In [5], ring resonators were used to extragt and ry. A ring resonator has sharp
resonance peaks. Spectral measurement of a ring requires very ne resolution.
Also, if you get asymmetric peak splitting, you would get a wrong peak position
[17]. Moreover, a ring uses either a bent waveguide or it combines bends with
straight sections, and the round trip path also includes the coupling sections which
will also have different optical properties. As such we cannot isolgtend ry of

the straight or bent waveguide. The alternative is to use an MZI with two arms that
are identical but for the fact that one arm has a longer straight part than another [3].
Ideally, the ry and ry of the two arms are identical so that the spectral response
of the MZI is only dependent on the path length difference between two arms. We
can use the MZI to measure varying waveguide geometry under process variation
at different locations. In practice, the path length difference in a single MZI is
also induced by a difference in thggnn the two arms because of local process
variability. Also, there can be a difference in thg that the bends will contribute.
Those differences also lead to the extraction erroreinamd ry. However, since

the distance between waveguide within an MZI this compact is within &00

we can safely assume that the error will be much smaller than the device-to-device
variation.

An interfering structure such as a ring or an MZ| would have a constructive
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