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ABSTRACT

PARTICLE SWARM OPTIMIZATION FOR ELECTRONIC CIRCUIT  DESIGN
AUTOMATION

Together with the increase in electronic circuimpbexity, the design and optimization
processes have to be automated with high accuRmgicting and improving the design
quality in terms of performance, robustness and ©®ghe central concern of electronic
design automation. Generally, optimization is ayvdifficult and time consuming task
including many conflicting criteria and a wide rangf design parameters. The evolutionary
algorithms were introduced as an efficient methadekploring the search space and handling
multi objective optimization problems. Thereforastf and accurate evolutionary methods are
being utilized for accommodating required functiities and performance specifications in
electronic circuit design automation area.

Particle swarm optimization (PSO) is an evolutignaigorithm technique based on the social
behavior, movement and intelligence of swarms $@agcfor an optimal location in a
multidimensional search area. In this dissertatithe applicability of PSO as a global
optimization tool has been investigated comprelvehgi for electronic circuit design
automation. For this purpose, PSO was utilizedfést and optimal design of discrete and
integrated circuit design having a fixed topology fa particular process technology.
However, due to the rapid evolution of process ietdgies, the expectation for changing
process technologies need to be accounted in tBgndeycle. Therefore, technology
independent circuit design methodologies need tdeveloped. Considering discrete circuits,
performance of PSO has been investigated, whefiteniaed design error will be affected in
case different manufactured series are utilizedstdection of components of a particular
filter topology. Following, a more difficult analogesign problem is considered and PSO is
used in a hybrid configuration. Performance of tlgbrid method is compared with different
approaches for technology independent design ajitaldto analog converter.

Simulation results indicate that as a global opation tool, PSO is a very efficient method
for optimal component selection and sizing taslelectronic circuit design automation by

means of both high accuracy and short computaitoe. tSince once programmed, no human
intervention is required (e.g. to provide an initigood design” or to interactively guide the

optimization process), the proposed method yielwspietely automated sizing of optimal

circuits by means of both discrete and integrateigh concepts.

Keywords: Particle Swarm Optimization, Artificial Neural Netwks, Multi-objective
Optimization, Design Automation.
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OZET

ELEKTRON IK DEVRE TASARIM OTOMASYONU iCIN PARCACIK SURU
OPTIMiZASYONU

Elektronik devre karmgkligl arttikca, tasarim ve optimizasyon sureglerininksgk
dogrulukla otomatiklstiriimesi gerekmektedir. Elektronik devre tasarinoroasyonunun
merkezindeki konu, tasarim kalitesinin performagissenilirlik ve maliyet agisindan kestirimi
ve iyilestiriimesidir. Genel olarak optimizasyon, ¢ok sayliebiriyle celisen kriter ve cgtli
tasarim parametrelerini iceren zor ve ¢ok zamaa &ir surectir. Evrimsel algoritmalar,
arama uzayini ag@rabilecek ve cok amach optimizasyon problemlgrinistesinden
gelebilecek etkili bir yontem olarak dnerilghr. Bu sebeple hizli ve gou evrimsel metotlar,
elektronik devre tasarim otomasyonu alaninda gerékhksiyonellisi ve performans
tanimlamalarini gdamak tzere kullaniimaktadir.

Parcacik Surd Optimizasyonu (PSO), ¢cok boyutlu aramayindaki en iyi konumu ataan
surdlerin sosyal davragpyihareket ve zekasini temel alan evrimsel bir @igadir. Bu tezde,
kiresel bir optimizasyon araci olan PSO’nun elelltodevre tasarim otomasyonuna
uygunlysu kapsamli olarak incelengtir. Bu amacla PSO, belirli bir Gretim teknolojigin
sabit bir topolojiye sahip ayrik ve entegre dewialehizli ve optimum tasariminda
kullaniimistir. Bununla birlikte Gretim teknolojilerinde hizgelismeye bgli olarak, Uretim
teknolojilerinin gelsecesi beklentisi de tasarim sirecine dahil edilmeliddundan dolayi,
teknolojiden bgaimsiz devre tasarim yontemleri gé&lilmelidir. Ayrik devreler dikkate
alindginda PSO’nun performansi, belirli bir filtre toppsnin eleman seciminde farkh
uretim serileri kullanildii durumda, optimize edilmidevrenin tasarim hatasinin etkilenip
etkilenmedgine bali olarak incelennstir. Ardindan daha karmg&k bir analog tasarim
problemi ele alinngi ve PSO karma bir dizenleme icerisinde kullargimi Karma
diizenlemenin performansi, sayisal analog cevieeresinin teknolojiden [gamsiz tasarimi
icin farkli yaklagsimlarla kagilastiriimistir.

Simulasyon sonuclari, elektronik devre tasarim @®yonunda optimum eleman secimi ve
boyutlandirma gi icin kiresel bir optimizasyon araci olan PSO’natkili bir yontem
oldugunu go6stermektedir. Bir kez programlandiktan sonkallanici midahalesi
gerekmediinden (iyi bir balangi¢ noktasi bulmak, optimizasyon surecini yodienek vs...)
Onerilen yontem, hem ayrik hem de entegre tasacisir@an devrelerin tamamen otomatik
olarak boyutlandirmasini gamaktadir.

Anahtar Kelimeler: Parcacik Suri Optimizasyon, Yapay Sinirgl#di, Cok amacli
Optimizasyon, Tasarim Otomasyonu.
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GENISLETILM iS TURKCE OZET

Devre tasarim sireci entegre devrenin icindeki hektransistérden karme elektronik
sistemlere kadar genbir aralgl kapsamaktadir. Tasarim, devrenin gah prensiplerinin
tanimlanmasi ile #ar. Bu tanimlamalar, devrenin yapisi kagmkbastikca daha fazla tasarim
parametresi icerecek; bununla birlikte tanimlamadar birbiriyle celgir hale gelecektir.
Arama uzayl biayudikce kullanicinin optimum tasarimésmak icin  bu sdreci
otomatikletirecek bir takim araclar kullanmasi gerekmekte@iinimuizdeki karnggk devre
yapilar g6z oniune alinginda, devre topolojisinin belirlenmesi, uygungde boyutlandirma
ve serim optimizasyonu icin tasarim araglariningtulmasi kaginilmazdir. Elektronik devre
tasarim otomasyonu icin kullanilan bu araclarinsgikkd@rulukla calsmasi ve hizliglem
yapabilmesi buyik dnemganaktadir.

Belirli bir devre topolojisi icin optimum boyutlamuina klemi ¢ok amacl optimizasyon
problemi olarak tanimlanabilir. Cok sayida tasapanametresi iceren cghili tanimlamalari
ve tasarim kisitlamalarini @ayan optimum tasarim parametrelerini elde etmak ¢gsitli
optimizasyon yontemleri dnerilgiir. Klasik ve bulgsal teknikler, algoritmalarda kullanilan
degiskenlere, arama uzayinin boyutuna vebdkeylik durumuna bamh oldugu igin
Ozellikle optimum boyutlandirma gibi cok amacl iopizasyon problemleri icin yetersiz
kalmaktadir. Kendi kendine organize olan sistemldiirbirleri ve cevreleri ile etkikgmini
inceleyen surt zekasi temelli sistemler bahsedlereksikleri gidermek Uzere dneriktir.
Parcacik Surta Optimizasyonu (PSO), cok boyutlu aramayindaki en iyi konumu ataan
surdlerin sosyal davragpyihareket ve zekasini temel alan evrimsel bir &@igadir. Bu tezde,
kiresel bir optimizasyon araci olan PSO’nun elekltodevre tasarim otomasyonuna
uygunlysu kapsamli olarak incelengtir. Bu amacla PSO, belirli bir Gretim teknolojigin
sabit bir topolojiye sahip ayrik ve entegre dewialehizli ve optimum tasariminda
kullaniimistir. Tasarim kriterleri programa tanitilarak beliven sinirlar icerisinde devrenin
boyutlandirma dleminin PSO algoritmasi tarafindan yapiimasi hestefistir. Bununla
birlikte Gretim teknolojilerinde hizli galmeye bl olarak, Uretim teknolojilerinin gelecesi
beklentisi de tasarim surecine dahil edilmelidiyrik devreler agisindan farkli tretim serileri
ve entegre devreler acisindan farkli tretim tekjilelo kullanilarak ayni devre tasariminin
minimum hata kriteri ile gerceklenmesi hedeflestmi PSO algoritmasi ile birlikte incelenen
diger yontemler B6lum 2’de verilrytir.

Ayrik devre tasarimi cercevesinde analog aktifdidrin pasif eleman derlerinin Uretim
serilerine uygun olarak secilmesi, bu devreleridlakulabilirligi agisindan ¢ok onemlidir.
Filtre tasariminda kullanilan geleneksel yontemee gélemanlar ideal kabul edilir ve tasarim
sirasinda sinirsiz ger alabilir. Halbuki kapasite ve diren¢ gibi ayalemanlar sabit ve tercih
edilen dgerlere gore Uuretilirler. Filtre tasariminda elendegerleri, tasarimda kullanilan
formile ve tasarim kriterlerine (kesim frekansiliteafaktort) b&li olarak hesaplanir. Bu
hesaplamay! kolayiirmak icin birbirine git secilen bazi ayrik eleman gkrlerine bgl
olarak elde edilen der ayrik eleman dgerleri, tercih edilen deerlerle ortigmeyebilir.
Devrenin performansi, secilen en yakin tercih eddeserlere bgli olarak digebilir ve bu
durum devre icin belirlenen hata kriteriggeinin artmasina sebep olur. Optimize edltoir
tasarim gercekitirmek icin tercih edilen deerlerin tum olasi kombinasyonlari Gzerine bir
arama yapmak gecerli bir cozimgddir. Ornegin, sekiz elemanli devre yapisi g6z 6niine
alindginda, eleman derleri E12 Uretim serisinden dort dekat analda secilecekse, arama
uzay! 3x16° nokta icerir ki; mantikl bir siire icerisinde hidgyar destekli arama yapilip bu
noktalarin dgerlendiriimesi pek mumkin dadir. B6lum 3'te incelenen bu problemde
evrimsel algoritmalar, iki farkh filtre yapisiniminimum hata ile tasarimi icin farklh tretim
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serilerine uygun pasif elemanlarin optimum secimaifdllaniimstir. Evrimsel algoritmalarin
performansi, Butterworth tabanl filtre icin belidir Gretim serisine ait pasif elemanlarin en
disUk tasarim hatasi gozetilerek secimi bakimindaelemmitir. Durum deiskenli filtre
yapisinda ise evrimsel algoritmalarin sgighasif elemanlarla yapilan tasarim sonucunda elde
edilen toplam hata derinin farkh bir Gretim serisi kullaniimasi durumda 6nemli dl¢tide
etkilenmemesi hedeflenmektedir.

Entegre devreler sayisal ve analog olarak ikiyalmgktadir. Anahtarlama karakteristi
sayisal entegre devrelerin hizini belirleyen onefnli etkendir. Bu nedenle tasarim
asamasinin banda optimize edilmesi gereklidir. Analog entegrevilerdeki tasarim
problemi ise ¢cok sayida cghili tasarim kriterine ve tasarim kisitlamalaringgun en kicuk
MOSFET alanini elde etmektir. Ginumuzde yayginab&ullanilan sayisal tasarim araglari
olmasina rgmen analog entegre devre otomasyonu halextigéiie asamasindadir. Sayisal
entegre tasariminda gamyla kullanilan genel amacli kitiphane tabanliklagam,
uygulamaya cok ki olan analog yakkamda pek gecerli olmamaktadir. Literatiirde dnerilen
¢esitli analog entegre devre tasarim araglari, MOSH®BYutlandirma problemi igin g#li
optimizasyon yontemlerinden faydalanmaktadir. Buntginler similasyon veya denklem
tabanhdir. Simulasyon tabanli yakialar olduk¢ca uzun sirmekte, denklem tabanli oladéa
bir 6nceki yaklaim kadar yuksek dguluga ulgsamamaktir. Dolayisiyla yuksek giwlukiu
ve hizli optimizasyon yontemlerine ihtiya¢ duyulrteekr. Bolim 4'te PSO algoritmasi hem
sayisal hem analog entegre devre tasarim problemleygulanmgtir. Sayisal bir devre olan
CMOS eviricinin anahtarlama karakter@ti optimize edecek CMOS boyutlari PSO
yardimiyla 3 farkli senaryo icin elde ediktii. Bununla birlikte, denklem tabanli bir yontem
olarak, PSO analog entegre devre tasariminda kiatign elde edilen sonuclar SPICE
similasyonu ve literatirde ©nerilen yontemler ilarsKastiriimistir. Bu amacla, farksal
kuvvetlendirici ve glemsel kuvvetlendirici yapilari incelengnibirbiriyle celsen tasarim
kriterlerini ve tasarim kisitlamalarini @ayacak optimum MOSFET boyutlann PSO
yardimiyla belirlenmitir. Burada tasarim problemini PSO’ya tanitabilmek i¢asarim
kriterlerini ve MOS vyapilarin kanal geaifiklerinin (W), kanal boylarina (L) oranlarini
degisken olarak iceren bir denklem gturulmalidir. PSO’nun bulmasi gereken, bu denklemin
minimum noktasi ve bu minimum noktayi gkayan tasarim kriter @erleri ve WI/L
oranlaridir.

Bununla beraber, devredeki transistor sayisi garzaman sadece devre denklemleriyle
tasarim yapmak miamkuin olmamaktadir. Kagtkalevre yapilari igin, tasarimda keasilan
batin idealsizliklerin ve lineer olmayan durumlartemsil edilebildgi hizli ve yiksek
dogruluklu c¢oézamler onerilmelidir. Ayrica, Uretim te@iojilerinde hizli gemeye bgli
olarak, Uretim teknolojilerinin gelecesi beklentisi de tasarim sirecine dahil edilmeli ve
teknolojiden baimsiz devre tasarim yontemleri gahilmelidir. Cok karmaik, uzun ya da
cok sayida diuzensiz bilgi gsgan boylesi verilerin ¢c6zimlenebilmesinde, dewaaiinlama
denklemlerine ihtiya¢ duymadan, similasyon sonudkolusturulan veri kimesinin gigive
cikislarini haritalayabilen yapay sinirglari (YSA) yaygin olarak kullaniimaktadir. g&
tanitilan drnekler icin doru cikslar Uretecek, dier bir deysle a5 cikisi ile hedef cikg
arasindaki hatayr en aza indirgeyecekirlk degerlerinin bulunmasi ¢ok boyutlu
optimizasyon problemidir. Buslemler & yapisina bgi olarak tek adimda veya yinelemeli
olarak gercekigirilebilir ve hedeflenen hata derine ulaildigi durumda gin “6grendii”
kabul edilir. Yinelemeli glemlerde kullanilacak olan optimizasyon algoritmaeellikle veri
kimesinin buyldk boyutlu oldiwm durumda, problemin nitgine uygun olarak secilmelidir.
Bolum 5'te farkli & yapilarinin performansi sayisal analog c¢eviricinieknoloji
parametrelerinden bamsiz tasarimi icin incelenstir. Ilk olarak problemi temsil edecek veri
kimesi olgturulmwtur. Daha sonra ¢ok buyik boyutlu bu problemin goiaidde hem tek
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adimda hem de PSO algoritmasinin yani sira failksikk optimizasyon algoritmalarinin
kullanildigi yinelemeli @&renen & yapilart kullanilmg ve performanslari ayrintili olarak
incelenmgtir.

Bu tezde PSO algoritmasinin elektronik devre tasada kullanilabilirlgi farkl 6zellikte ve
farkli boyutta tasarim problemleri agisindan inoelgtir. Tirev hesabi gerektirmemesi ve
ayarlanacak parametre sayisinin az olmasi algontmazlandirirken, parcaciklarin
birbirleriyle ve cevreleriyle etkigm prensibi arama uzayinin etkili olarak gralmasina ve
dolayisiyla kuresel optimum noktaninstedilmesini sglamaktadir. Simulasyon sonuclari ve
diger yontemlerle yapilan katastirmalar, elektronik devre tasarim otomasyonundarapn
eleman secimi ve boyutlandirmd icin kiresel bir optimizasyon araci olan PSO'rethili
bir yontem oldgunu gostermektedir. Bir kez programlandiktan sdaubanici midahalesi
gerekmediinden dnerilen yontem, hem ayrik hem de entegraritasacisindan devrelerin
tamamen otomatik olarak boyutlandirmasirglamaktadir.
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1. INTRODUCTION

The process of circuit design can cover systemgimgrfrom complex electronic systems all
the way down to the individual transistors within imtegrated circuit and begins with the
specification, which states the functionality thia¢ finished design must provide, but does
not indicate how it is to be achieved (SherwanBQ)9The initial specification is basically a
technically detailed description of what the custonmvants the finished circuit to achieve and
can include a variety of electrical requirementg;hsas what signals the circuit will receive,
what signals it must output, what power supplies available and how much power it is
permitted to consume. The specification can alss@me of the physical parameters that the
design must meet, such as size, weight, moistusstamce, temperature range, thermal
output, vibration tolerance and acceleration toleea Given a set of design specifications, a
designer first initiates the circuit design by detming a circuit topology. It is most
frequently the case that the designer modifies awkntopology rather than creates a
completely new one. The designer usually seleas fiwell-characterized topologies or
previously adopted ones, or builds one by combirivem. Decision criteria rely on rough
performance estimations of circuits. Next, the giesi determines the values of designable
parameters of a selected topology, such as transstes and component values, to satisfy
given specifications. Early in this stage, the gesr may use analytical equations that express
the relations between circuit performance and degigrameters, and assign approximate
values to the design parameters. Later these vawesrefined according to accurate

performance evaluations performed by a circuit $atom such as SPICE.

Several types of parametgrs(x,s) influence the dynamic and static behavior of eteut
circuits and have to be taken into account whemoping appropriate performance functions
f(p): design parameters and manufacturing process parameter®uring optimization,
performance functiori(p) should be minimized while also several constraimse to be
satisfied. The performance functidfp) and the constraint functiorngp) can be costly to
evaluate and are subject to noise (i.e. due to noatentegration effects). For both, the
dependency omp can be highly nonlinear (Maten et al., 2006). Orlbe specialized
constraints of particular circuit design problemvéiabeen properly formulated as an
optimization problem, the techniques that then arniézed are totally unspecialized in
character. Optimization thus provides a truly gahdesign engineering scheme (Fig.1.1) and

extensively used in following electronic designaaréMassara, 1991):



e Design accommodating complex device models

e Design accommodating non-standard specificationstcaimts (minimum component

spread, minimum sensitivity to component variatjonaximum yield, etc.)

e Large-scale analog and digital circuit design; f@dhcircuit board and interconnection;
integrated circuit design and layout (e.g., minimumerconnection length, optimum

placement of major functional blocks)
e Distributed device design (microwave, surface asowgveform structures, etc.)
e Passive component and topology selection in areolgdigital filter design

¢ Neural network training for applications in electibengineering

Circuit « Circuit
Topology Specification

Circuit Analvsis: Evaluate {'{;:ﬂie
C mt'qmnent Circuit FPerformance Function
Values

| o

satisfied | ¢ ;
Optirmization -~ E_tu.ppu.lg
Criteria
Satisfied
List
« : Designer Choice el
i Values

Fig. 1.1 Optimization scheme for electronic ciraasign (Massara, 1991)

Integrated circuits (IC) are characterized by carpradeoffs between multiple nonlinear

objectives while satisfying multiple nonlinear aswimetimes non convex constraints. Typical
of IC objective and/or constraint functions areaam@elay, and power. Expressed as functions
of the usual IC designable parameters, such ageswidths and supply voltages, these

objectives are frequently, and, in physical limiterently, in competition with one another.



As an example wideband amplifier desigay have performance functions as the noise figure
and the bandwidth of the amplifier and specificasionay be set that the input and output
impedances are within 5 percent of@@ver the band of the amplifier. Here, there exists
criteria to be evaluated and these are clearlylictinfj. Moreover the specifications over the
input and output impedances have to be satisfiedallofrequencies in the band of the
amplifier. Thus IC design problem with conflictingriteria can be characterized as

constrained multi objective optimization problemrgyton et al., 1981)

Together with the increase in circuit complexitye tdesign and optimization complexity of
today’s ICs has increased drastically. Obtaining thptimal solution for a particular
combination of design criteria by hand is unaffdMdaand time consuming. Selection of
independent design parameters is quite importantdasign process. Ideally all design
parameters are accepted as variables and the opsiohation is searched. However,
tremendous growth of search space makes the sgarcbss inefficient. In addition; there are
several relations that should hold between ceitaiw/, and W/L ratios to make the search
space smooth and the optimization process relidllerefore efficient optimization methods
for automation of optimal sizing of MOS transist@® required. Classical approaches are
either deterministic or statistical-based technsqu@eterministic methods, such as Simplex
(Nelder & Mead, 1965), Branch and Bound (Land amulgD 1960), Goal Programming
(Scniederjans, 1995), Dynamic Programming (Bellm2003) are effective only for small
size problems. They are not efficient when dealiit) multi-criteria problems. In addition, it
has been proven that these optimization technigquesse several limitations due to their
inherent solution mechanisms and their tight depeod on the algorithm parameters.
Besides they rely on the type of objective, theetgd constraint functions, the number of
variables and the size and the structure of thetisol space. Moreover they do not offer
general solution strategies. Most of the optim@atproblems require different types of
variables, objective and constraint functions stamgously in their formulation. Statistical
methods generally start with finding a “good” DCiegcent point, which is provided by the
skilled analogue designer. Following, a simulato@sed tuning procedure takes place.
However these statistic-based approaches are tonsuming and do not guarantee the
convergence towards the global optimum solution IniTa2002). Therefore, classic
optimization procedures are generally not adequégeristics are necessary to solve big size
problems and/or with many criteria (Basseur et24l06). They can be ‘easily’ modified and
adapted to suit specific problem requirements. Bitengh they don’'t guarantee to find in an

exact way the optimal solution(s), they give ‘go@gproximation of it (them) within an



acceptable computing time (Chan and Tiwari, 2086me mathematical heuristics that were
previously utilized were Local Search (Aarts andhdtea, 2003), Simulated Annealing (SA)
(Kirkpatrick et al., 1983; Siarry et al., 1997),biaSearch (TS) (Glover, 1989; Glover, 1990),
Genetic Algorithms (GA) (Grimbleby, 2000; Dreo &t 2006), etc.
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Fig. 1.2 Pictorial comparison of classical and nradeeuristic optimization strategies
(Chan and Tiwari, 2007)
However these techniques do not offer general isolustrategies that can be applied to
problem formulations where different types of vakss, objectives and constraint functions
are used. In addition, their efficiency is alsohiygdependent on the algorithm parameters,
the dimension of the solution space, the convexityhe solution space, and the number of
variables. Actually, most of the circuit design iaptation problems simultaneously require
different types of variables, objective and constriunctions in their formulation. Hence, the
abovementioned optimization procedures are gegaratladequate or not flexible enough. In
order to overcome these drawbacks, a new set afrenahspired heuristic optimization
algorithms were proposed. The thought process Hethiese algorithms is inspired from the
collective behavior of decentralized, self-orgadizeystems. It is known as Swarm
Intelligence (SI) (Bonabeau et al. 1999). S| systeme typically made up of a population of
simple agents interacting locally with each othed avith their environment. These particles
obey to very simple rules, and although there iserralized control structure dictating how

each particle should behave, local interactionsvéenh them lead to the emergence of



complex global behavior. Most famous such Sls are@olony Optimization (ACO) (Dorigo

et al., 1999), Artificial Bee Colony optimizatioABC) (Karaboga, 2005) and Particle Swarm
Optimization (PSO) (Kennedy and Eberhart, 1995r¢;12006). PSO, in its current form, has
been in existence for almost a decade, which slaively short period when compared to
some of the well known natural computing paradigswugh as evolutionary computation.
PSO has gained widespread demand amongst reseaatttehas been shown to offer good

performance in an assortment of application dom@asks et al., 2007).

Above mentioned optimization methods are incormmtahto computer-aided design tools
(CAD) for optimal sizing of complex ICs togethertiwitopology selection (Maulik et al.,
1992) and actual circuit layout (Harvey et al., 2Z09CAD tools are the key to managing this
increased complexity while meeting the shortenimgetto-market factor. Predicting and
improving the design quality in terms of performenmbustness and cost is a central concern
of computer aided circuit design. CAD tools arenateeded to assist or automate many of
routing and repetitive design tasks, taking away tbdium of manually designing these
sections and providing the designer with more ttmdocus on the creative aspects of the
design (Gielen and Rutenbar, 2000).

The analog design medium has proven to be a fobleddomain to its digital counterpart for
many high performance IC applications. In digitainthin, CAD tools are fairly well
developed and commercially available today, celstaior lower level of the design flow.
While digital synthesis tools have evolved in phagth digital revolution, analog portion of
design automation has not been able to keep upitsithernand. Some of the main reasons
for this lack of automation are that analog desigigeneral is perceived as less systematic
and more heuristic and knowledge-intensive in ratilvan digital design. The variety of
circuit schematics and number of conflicting requoients and corresponding diversity of
device sizes are also much larger. These diffeeefroen digital design explain why analog
CAD tools cannot simply adapt digital algorithms hy specific analog solutions need to
be developed that are targeted to the analog dgsigadigm and complexity. Historically,
researchers developed two mainstreams of analognatipn methodologies. One of the early
approaches uses optimization-based method whidhmiaes a set of performance constraints
characterized by complicated trade-offs and makémnsive use of detailed circuit simulator
embedded in the inner loop of optimization engihkis mechanism works quite well for
tuning purpose of the circuit that is already clts@ good design. These techniques require

many iterations to adjust transistor sizes and nup&tion engine needs to evaluate



corresponding performance at each cycle. This poeeis very time consuming and
computationally expensive task. Second approaduyustion-based method which is based
on inverse process of circuit analysis techniquences sizing of a circuit is done
mathematically, the automation is much faster whibeuracy is not as good as the first
approach due to the simplified device equations apgroximations. Comparison of
previously proposed analog CAD tools is given ibl€al.1 (Gielen and Rutenbar, 2000; Lee
and Kim, 2006).

Table 1.1 The error rate and synthesis time obwaranalog CAD tools (Lee and Kim, 2006)

Tool Synthesis Method  Error Synthesis Time
IDAC (Degrauwe et al.,1987) Equation-based 15% Fewnsisco
OASYS (Harjani et al., 1989) Equation-based 25% Few se€0
ISAID (Toumazou et al.,1990) Equation-based +14% Not reported
post optimization
STAIC (Harvey et al., 1992) Equation-based 24% 3 min
DELIGHT.SPICE (Nye et al., 1988) Optimization-based®% 18 h
(Circuit simulator)
MEALSTROM (Krasnicki et al., 1999) Optimization-base®% 3.6h
(Circuit simulator)
ASTRX/OBLX (Ochotta et al., 1996) Optimization-based80% 11.8 h
(AWE+equations)
OPASYN (Koh et al., 1990) Optimization-based®0% 1 min

(equations)

ASLIC (Lee and Kim, 2006) Equation-based 15-20% Fewrs#xo

Among the CAD tools tabulated above, STAIC, DELIGBPICE, and OPASYN utilize
classical optimization techniques while IDAC, MAETLBOM, ASTRX/OBLX, ASLIC, and
OASYS are heuristic based systems. Kruiskamp ametderts (1995) developed a GA based
CMOS operational amplifier synthesis tool (DARWIfYr topology selection and circuit
sizing. Massier et al. (2008) proposed sizingguteethod for CMOS and bipolar analog IC
synthesis. Sripramong and Toumazou (2002) intradl@ceautomated circuit design system
for the evolution and subsequent invention of CM&&plifiers. This system utilized genetic
programming for evolving new circuit topologies angrent-flow analysis for screening and

correcting circuits. Hershenson et al. (2001) pdotreat the design of CMOS op-amp can be



well approximated as polynomial convex optimizatpoblem that can then be solved using
geometric programming techniques, producing a elgs@rst-cut design in an extremely
efficient way. In (Liu et al., 2009), an evolutimased methodology named memetic single-
objective evolutionary algorithm is developed fart@nated sizing of high-performance
analog IC circuits. Guerra-Gomez et al. (2009) pema multi-objective evolutionary
algorithm based on decomposition (MOEA/D) for optation of second generation current
conveyors (CCII). Mentioned system uses HSPICEirasit evaluator. Considering optimal
CCIlI design without any circuit evaluator; a mubjective heuristic (Salem et al.,2006;
Fakhfakh et al., 2009a) and PSO algorithm (Coorteal.e 2007; Fakhfakh et al., 2009b;
Fakhfakh et al., 2010) are utilized by formulatihg requirements for the design of CCIl in
terms of boundaries on performance functions. Taagland Kénig (2005) investigated PSO
as an alternative to GA genetic algorithm for fipfwgrammable analog scalable device array
reconfiguration. For this purpose an operationapldrar with particular design constraints
was designed using PSO taking into different exdemfluences such as high temperature
and fabrication faults. Having successful resulthars extended their PSO based dynamic
hardware design environment to functional bloclelgiawdross and Konig, 2006). A 3-bit
ADC structure is developed using previously desigap-amps and resistors. Thakker et al.
(2009) extended PSO algorithm to a hierarchicaéswh for automatic sizing of low power
analog circuits where simulation of circuits is fpemed with Cadence Spectre. Microwave
circuit design is another area where optimizatiools were widely used. Considering less
computation time, PSO was chosen as the synthestegure for two sets of microwave
circuits: micro stripe coupler and single shuntostoatching circuit (Ulker, 2008). Tulunay
and Balkir (2008) proposed an automatic synthesid of a cascade low noise amplifier
(LNA). Fakhfakh et al. (2010) utilized PSO techredor optimal sizing of CMOS LNA with
inductive degeneration design. Choi and AllstodO@0developed a SA algorithm based
synthesis tool that includes an adaptive tunnelmgchanism and post-optimization
sensitivity analysis with respect to design, precasd temperature variations. A very detailed
investigation about the state of the art in apgyiEAs for the synthesis and sizing of analog

ICs was presented by Tlelo-Cuautle et al. (2010).

Considering digital ICs, circuit delays often needbe reduced to obtain faster response
times, with a minimal area penalty. A typical daitlC consists of multiple stages of
combinational logic blocks that lie between latch'decked by system clock signals. Delay
reduction must ensure that the worst-case del@lyeo€ombinational blocks is such that valid

signals reach a latch before any transition insijaal clocking the latch, with allowances for



set-up time requirements. In other words, the woase delay of each combinational stage
must be restricted to be below a certain specifnatGiven the MOS circuit topology, the

delay can be controlled by varying the sizes afidistors in the circuit. Here, the size of a
transistor is measured in terms of its channel lwidince the channel lengths in a digital
circuit are generally uniform. Roughly speakinge thizes of certain transistors can be
increased to reduce the circuit delay at the ex@ehadditional chip area (Sapatnekar, 1993).

As an optimization tool, PSO was utilized in fieidogrammable gate arrays (FPGA)
placement and routing for minimization of the dmstes between configurable logic blocks
(Gudise and Venayagamoorthy, 2004). Venayagamooethyal. (2007) proposed PSO
algorithm as a method for determining the paramsdtarcircuit partitioning problem and this
method optimized the critical path as well as theher of partitioning and test vectors. Gate
level design of combinational logic circuits is #mer area where PSO was successfully
utilized for minimizing the number of gates duringalization of 100% feasible circuits
(Coello Coello, 2003; Moo Moore and Venayagamoqrth005; Moore and
Venayagamoorthy, 2006). Vural et al. (2010c) wdizPSO for inverter design having
symmetric output response. Having obtained sucglesessults authors enhanced their work to
a more detailed dynamic characterization of invedesign framework considering three
different case studies (Vural et al., 2010d).

So far it has been mentioned about optimizatioanalog and digital IC design. Despite the
extensive usage of ICs, discrete components drgsferred in analog active filter design.
Conventionally, the values of passive componen&lun the active filters are chosen as
equal to each other. This approach simplifies #®gh procedure but also limits the freedom
of design. Moreover, components are assumed taléa and have infinite value during
analog design process. However, discrete comporseitis as resistors and capacitors are
produced in approximate logarithmic multiples odle&fined number of constant values such
as E12 series. There are also E24, E48, E96 an@ Edifyes for components of tighter
tolerance with 24, 48, 96 and 192 different valugthin each decade, respectively. In order
to reduce the costs and make the design more Ieslidiscrete components are chosen from
these industrial series or other possible prodyreterred values. Performing an exhaustive
search on all possible combinations of preferrddesafor obtaining an optimized design is
not feasible when components are selected fronighter tolerance series over wide decade
range. Therefore, intelligent search methods must developed that requires short

computation time with high accuracy.



The application of evolutionary techniques in filteesign automation and optimization is a
promising area which is based on concepts of nasetaction and survival of the fittest. In
(Wang et al., 2005), optimal microwave filter desigith arbitrary geometries is aimed to be
designed with particle swarm optimization (PSO) dimite element method. Coefficient
optimization of digital filters with numerous evtilbnary approaches was investigated in
(Karaboga, 2009; Luitel and Venayagamoorthy, 2008)Zebulum et al., 1998), a detailed
comparative study on analog passive filter desigh different evolutionary methodologies
was presented. An automated passive analog csguathesis procedure based on GA was
utilized for the simultaneous generation of botle tiopology and the component value
selection in (Das and Vemuri, 2007). Component eand topology evolution were also
studied in (Koza et al., 1997) by means of gengtogramming (GP) and in (Chang et al.,
2006) by using GP based tree representation metbodonstrained and constrained
evolutions were applied towards design of analo®RLBw pass filter (Sapargaliyev and
Kalganova, 2006). This work has been a succes#fieingt to application of evolutionary
strategy method for analog filter design. A robdssign paradigm that exploits the open-
ended topological synthesis capability of GP wasebtged in (Hu et al., 2005) to evolve
robust low-pass and high-pass analog passivesfilier (Goh and Li, 2001), a GA based
growing technique for component value optimizatdranalog passive filters was presented.
Component value selections of analog passive atideafilters were also investigated in
(Sheta, 2010). Sheta (2010) explored the advantafjelifferential evolution (DE) over
numerical optimization approaches to perform theratoon of selecting the best values of
circuit elements for various types of band-pagerfl In (Zebulum et al., 1999; Xu and Ding,
2009) component value selection and topology opttion of analog active filter has been
performed using GA and adaptive immune GA, respelsti Moreover, some particular
analog active filter types were also optimized gsawolutionary approaches in the literature.
A voltage controlled voltage source (VCVS) low pd&asterworth active filter circuit was
designed using clonal selection algorithm (CSA) aesults of CSA based design were
compared with results of tabu search (TS) basedb&s®d, and conventional design methods
(Jiang et al., 2007). In (Vural and Yildirim, 2030a PSO based component value selection
method has been utilized for the optimal desigthefsame circuit topology used in (Jiang et
al., 2007) and less design error was obtained wdoenpared with results of (Jiang et al.,
2007). In (Horrocks and Spittle, 1993; Kalinli, ZQKalinli, 2006), component values of a
low pass state variable active filter (SVF) circwias selected using GA, TS and artificial

immune algorithm (AIA), respectively. However, (Hocks and Spittle, 1993; Kalinli, 2004;
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Kalinli, 2006) used a different calculation of cfitérequency than regular and practical
expression of cutoff frequency statement used urgVand Yildirim, 2010b).

Abovementioned electronic circuit design problemeravall considered for a particular
technology. However, the ability to accurately pcedhe performance of circuits made of
MOSFETs or high-speed VLSI interconnects barelypkepace with the technology that
shrinks the FET and printed circuit board dimensjoimcreases the operating speed, and
creates new devices. The arising problem is thaheis dimensions are reduced or a new
device is developed, the old device or circuit medee no longer suitable. Consequently,
new models have to be developed in order to usepagdict the performances of the new
device or circuit. This, however, is not valid foeural networks which not only being
computationally very efficient but also are flexaldnd general. Therefore, there is a growing
interest in applying the potential of neural netkgoto many new fields especially in CAD of
VLSI circuits.

In ANN modeling of VLSI circuits, complex semicorctar equations are not required and
the parameter extraction step, which representsfiautt and time consuming method, can
also be omitted. Some researchers have tried tdigbréhe transistors’ sizes for basic
integrated circuits where the circuit outputs asedias inputs for ANN (Wolfe and Vemuri,
2003; Jianjun et al., 2003; Pratap, 2005; Zhonglia2004). However, technology
independent neural network modeling for VLS| desagtomation has not been explored until
(Kahraman, 2008). Kahraman (2008) proposed a mettgatedict the transistor sizes of
fundamental circuits that correspond to design traimgs, with minimum user effort and
design knowledge for a newer design technologyigueeural networks. In contrast to other
modeling researches, the output specificationsntédgrated circuits are predicted for new
technology designs. A huge database was constitigieg) AC and DC simulations of basic
analog and digital circuits varying transistor sizgth Cadence Spectre Analog Environment.
This database was applied to different ANN architexs so as to estimate the transistor sizes
of the circuit that meet the design constraintsnew technology successfully. While
predicting the new transistor sizes, ANN does resdhany technology parameters. ANN just
learns from the database that was constituted defatibrates its synaptic weights, calculates
an error function and predicts the output for neatad(Kahraman, 2008; Kahraman and
Yildirim, 2008a, 2008b). Selection of the appropi&NN architecture for high dimensional
electronic circuit design database is very impdrt&irst of all, selected structure should be

able to process input information with a massivatdee. Method of training should be
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considered as well, since error backpropagatiorhoaetvould require a very long time for
training high-dimensional database due to the daom procedures. Furthermore a multi-
layer perceptron (MLP) trained by error backpropiaga the most commonly used ANN,
requires that the analyst determine the appropnateber of hidden layer nodes, the initial
connection weights, and the form of the activationction (Currit, 2002). Recently PSO
algorithm was proposed as an alternative trainirgghod for MLP. Performances of the
mentioned training algorithms were compared withOP&d more accurate results were
obtained with PSO in shorter computation time (MeEndt al., 2002; Zhao et al., 2005; Kuo,
2007; Junyou, 2007; Al-Kazemi and Mohan, 2002; Bdder and Hendtlass, 2002; Zhang et
al., 2000). The aim is to minimize classificatiamdageneralization error (Zhao et al., 2005),
mean absolute percentage error (Junyou, 2007) mma#an square error (Junyou, 2007; Kuo,
2007; Mendes et al., 2002; Zhao et al., 2005; Atéeai and Mohan, 2002; Zhang et al.,
2000). Besides software applications PSO is alpbeapto training of a neural hardware. The
challenge of training a neural hardware is to stbeebit values representing weight and bias
values; increasing bit values enhances the accumacwell as the hardware complexity.
Braendler and Hendtlass (2002) reported that lonitember of bits utilized by PSO for
weight quantization did not affect accuracy sigrafitly and fast execution capability of PSO
is very advantageous on training neural hardwargalNand Yildirim (2008) proposed a

method for ANN based optimization of ICs by utitigiPSO as a training algorithm for MLP.

This dissertation has two objectives: The first amgo explore evolutionary algorithms,
particularly Particle Swarm Optimization algorithon electronic circuit design automation.
PSO-based method is applied to both discrete ategrated circuit design problems with
particular technology parameters. The problem ctamed in this dissertation is the selection
of component values and transistor dimensions, hwigconly a part of a complete analog
circuit CAD tool. Other parts which are beyond smope of this work are the topology
selection (Maulik et al., 1992) and actual cirdayout (Harvey et al., 1992). The optimal
component selection and transistor sizing of theDQ#&ocess remains between these two
tasks. As reported in the literature, simulatiosdsh optimization technique requires very
long execution time and equation-based methoddeaseaccurate than the former method.
Therefore, optimization methods with high accuraanyd short computation time are
necessary for design automation. PSO as a glolimhiaption method has fewer primitive
mathematical operators than in GA (e.g reproductiontation and crossover) and those
mathematical operations require more fine-tuningpwh parameters which leads to longer

computation time. Second objective of this dissentais to investigate and compare ANN
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methods including a PSO-trained one for a more ¢exngircuit design problem; technology
independent digital-to-analog converter (DAC) desagtomation.

The organization of this dissertation is as follov&ection 2 provides an insight of the
evolutionary techniques utilized for both discreted integrated circuit design cases and
artificial neural network structures utilized farchnology independent design of a selected
DAC structureDiscrete circuit design with evolutionary algorithng investigated in Section
3. Here, passive components of two different analdge filter structures are selected using
EAs for two different manufactured series. Resaftsdiscussed in detail. Section 4 describes
the PSO-based method for integrated circuit dedtgm.this purpose, design equations of
both differential amplifier with current mirror ldasource and two-stage operational amplifier
are derived and equation-based PSO method isadtifiar optimal sizing of MOS transistors
for minimum occupied area. Section 5 is dedicatetthnology independent neural network
modeling of CMOS current-steering type DAC. HelteAAIN structures described in Section
2 are utilized for this very high-dimensional dataand performance of the each structure is
evaluated. Section 6 concludes with a discussiosirotilation results and suggests possible

extensions.
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2. EVOLUTIONARY ALGORITHMS AND ARTIFICIAL NEURAL NETWO  RKS

In this section, Particle Swarm Optimization (PSGgnetic Algorithm (GA) and Artificial

Bee Colony optimization (ABC) algorithm as evolu#wy algorithms and Multilayer

Perceptron (MLP), Radial Basis Function neural oegkw(RBF) and General Regression
Neural Network (GRNN) as artificial neural netwastuctures utilized for electronic circuit
design were investigated. Among evolutionary athpons, PSO algorithm is the main concern
of this thesis and is explained more detailed sit€gerformance results reported in the
literature is very promising and it has not beedely used for electronic circuit design area.
PSO is also used as a training algorithm for MLPorder to investigate whether it can
enhance MLP performance for very high dimensiotedteonic circuit design database when
used instead of Backpropogation (BP) and Levenbtagguardt (LM) training algorithms

that increases computational complexity.

2.1 Evolutionary Algorithms

In artificial intelligence, evolutionary computatiq EC) refers to computer-based problem
solving systems that use computational models ofuéionary processes, such as natural
selection, survival of the fittest and reproductias the fundamental components of such

computational systems (Engelbrecht, 2007).

Evolutionary algorithm (EA) is a subset of evolut@y computation, a generic population-
based metaheuristic optimization algorithm. Each tBArefore maintains a population of
candidate solutions. The first step in applyingEskto solve an optimization problem is to
generate an initial population. The standard waygeferating an initial population is to
assign a random value from the allowed domain th ed the genes of each chromosome.
The goal of random selection is to ensure that igal population is a uniform
representation of the entire search space. Theo$ittee initial population has consequences
in terms of computational complexity and exploratabilities. Large numbers of individuals
increase diversity thereby improving the explonatadilities of the population. However, the
more the individuals increase the computational mlerity per generation. While the
execution time per generation increases, it mathbecase that fewer generations are needed

to locate an acceptable solution. Smaller populatines have the converse effect.
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In order to determine the ability of an individwdlan EA to survive, a mathematical function
iIs used to quantify how good the solution represgrity a chromosome is. The fitness
function,f, maps a chromosome representation into a scdlae whereX represents the data

type of the chromosome.
f:X">R (2.1)

The fitness function quantifies the quality of eusture, i.e. how close it is to optimality, with
respect to the environment. It is therefore extigmmportant that the fitness function
accurately models the problem, including all crgdo be optimized. Frequently the fitness
function does not directly evaluate the elementa structure, but their expression as physical
features of behaviors. If the fitness function esgnts a cost (as usual), it should return lower

values for better structures (Amoretti, 2009).

In addition to optimization criteria, the fitheasnttion can also reflect the constraints of the
problem through penalization of those structures tholate constraints. Constraints can be
encapsulated within the fitness function, but aworporated in the adaptation process.

The evolutionary operators, e.g. selection, crags;anutation or elitism, usually make use
of the fitness evaluation of chromosomes. For examgelection operators are inclined
towards the most-fit individuals when selectingguas for cross-over, while mutation leans
towards the least-fit individuals. The pseudocoderyin Fig.2.1 summarizes a general EA

procedure (Engelbrecht, 2007).

Let t=0 be the generation counter
Create and initialize andimensional population: P(0)

repeat
Evaluate the fitness, fjxof each individual,xin the population, P(t);
Perform EA operation;
Select population P(t+1) of new generation;
Advance to the new generation, i.e t=t+1;
until stopping condition is true;

Fig. 2.1 General EA procedures

In order to terminate the optimization process, kfisze a convergence criterion. Stopping
conditions can be listed as below:

¢ A specified number of generations or iterations lteen exceeded.
e There is no improvement in population fithess aveumber of consecutive generations.

e An acceptable best individual is evolved.
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Fig.2.1 demonstrates the major evolutionary praesdsowever, EA techniques differ in the
implementation and operation details and the naititke particular applied problem. Details
of PSO, GA and ABC optimization methods are intictlin the following.

2.1.1 Particle Swarm Optimization

PSO is an evolutionary computation method basedhensocial behavior, movement and
intelligence of swarms searching for an optimalatemn in a multidimensional search area
which has been developed by Kennedy and Eberh@96{1The approach uses the concept of
population and a measure of performance simildhécofitness value used with evolutionary
algorithms. Population consists of potential solsi called particles. Each particle is
initialized with a random position value. In eatération of simulation, the fitness function is
evaluated by taking the current position of thetipler in the solution space and two best
values Presi Ghes)- Personal best value, namglys; is the location of the best fitness value
obtained so far by the particle. Global best vahmmelygnes: is the location of the best
fitness value achieved so far considering all tletiges in the swarm (Kennedy and
Eberhart, 1995; Clerc, 2002;Kiink et. al. 2002).

In particle population matrix, containing N numbr particles, ' particle with a feature
number of D is denoted as=[xi1, X, ...,Xip]. FOr each iteration, the velocity and the positio
vector of the T particle in NxD dimension of the search space are updated aswillo
(Kennedy and Eberhart, 1995):

Vit = w. vig + corand. (pbest- xd) + ca.rand®. (gbest- xd") (2.2)

Xid = Xig 4 vid (2.3)
Here, the range ofi, d and k indices are defined ag1..N}, {1...D} and
{1...max_iteration_number}espectively. The acceleration factars and c, indicates the
relative attraction towar@,est and goest respectively. Followingand; andrand, are random
numbers uniformly distributed between zero and ¢mertia weight parameteav controls the
tradeoff between the global and the local seargaluiéities of the swarm. Initiallyv should

be chosen as less than one and should be decteeesety in each iteration.

PSO algorithm used in this work has been built aipttie global bestgfes) PSO model as
shown in Fig. 2.2. Th@west model is chosen since it converges faster thaal loest lpes)
PSO (Engelbrecht, 2007). This is due to the lapggeticle connectivity oQpest PSO. Each
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particle can interact with every other one in thearsn and can be attracted to the best

position obtained by any other particle.

In (Hu et al.,, 2003) all particles were startedhwieasible solutions. Rather than such a
restriction, it is experimented that during initz&thg process, at least one particle is started
with a feasible solution and the position inforroatof the rest is beyond the specified ranges.
Hence, it is possible that as iterations are chmigt, no matter how far from global solution,

the position information of other particles willggress to feasible space due to update

processes and may reach their best position iagéeified ranges.

Generally PSO has the advantage of being very sinmpkoncept, easy to implement and
computationally efficient algorithm. Since updateslgorithm consist of simple adding and
multiplication operators and no derivation openmatis included, computation time is
dramatically decreased compared to other heurdtjorithms. In order to avoid premature
convergence PSO utilizes a distinctive feature @ftiolling a balance between global and
local exploration of the search space which pres/&oin being stacked to local minimum.

For eachparticle
Load its initial random vector;

For each particle
Assign its initial vector as its pbest ¢

While maximum iteration is not attained

Assign the first particle’s pbest to gbest;
For each patrticle except the first opie
If its pbest satisfies all the constraifits
If its pbest value fits to cost function better titaa gbes{
Assign its pbest as gbest;

}

}
For each particld
Calculate particle velocity according2a?);
Update particle position according t3§2

For each particld
If the particle’s current value and its pbest valueh Isatisfy the constrainfs
If the particle’s current value fits the function kethan its pbest valde
Assign its currealue as its pbest value;

}
}
Else if the patrticle’s current value and its pbest valuth lolon't satisfy the constrainfs
If the particle’s current value fits the function teethan its pbest value {
Assign its cutt@alue as its pbest value;
}
Else ifonly the particle’s current value satisfies the comstsa {

Assign its curreatue as its pbest value;

}
}

Fig. 2.2 Procedures of PSO algorithm
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2.1.2 Genetic Algorithm

Genetic Algorithms (GAs) are search algorithms tdase the mechanics of natural selection
and natural genetics which have been developedoby Bolland (1975) and his students.
GAs combine survival of the fittest among stringistures with a structured yet randomized
information exchange to form a search algorithmhwgidme of the innovative flair of human
search. In every generation, a new set of artifgtiangs is created using bits of the fittest of
the previous generations; an occasional new parieid for good measure (Goldberg, 2005).
The process begins with a set of potential solstionchromosomes (usually in the form of
bit strings) that are randomly generated or seteciéne entire set of these chromosomes
comprises a population. The chromosomes evolvengwseveral iterations or generations.
New generations are generated using the crossawkrnautation technique (Fig. 2.3).
Crossover involves splitting two chromosomes andntltombining one half of each
chromosome with the other pair. Mutation involvépping a single bit of a chromosome.
Moreover, the inversion operator has the opponutatplace steps in consecutive order or
any other suitable order in favor of survival ofi@éncy. The chromosomes are then
evaluated using a certain fitness criteria and libst ones are kept while the others are
discarded. This process repeats until one chromes@s the best fitness and thus is taken as
the best solution of the problem. More details ali6As can be found in (Goldberg, 2005;
Engelbrecht, 2007).

Crossover point
|

ChromoA:  [0110110101110101011

| =]

<

2 ChromoA:  11100J00011010110011
7 |

=]

G Offspring: 0110150001101{}110011
8 Offspring: 0110100011010110011
Z '

= , A

= Offspring: 0110100000010110011
g Parent: 011010001010110011]
E Offspring:  [010101100110110100]

Fig. 2.3 Basic Computation Model of GA



18

2.1.3 Atrtificial Bee Colony Optimization

Artificial Bee Colony (ABC) algorithm, proposed Waraboga (2005) for real parameter
optimization, simulates the foraging behavior o lselonies. In ABC algorithm, the position
of a food source represents a possible solutiothéooptimization problem and the nectar
amount of a food source corresponds to the qudlitess) of the associated solution. First of
all, the food source positions are randomly intied asx (i=1,...,SN)where SN is the
maximum number of the food sources. Each emploged Whose total number equals to the

number of food sources, produces a new food sonreer food source site as given in (2.4).
Vv =X + 05 (% — %) (2.4)

whereg; is a uniformly distributed real random number witthe range [-1,1] is the index
of the solution chosen randomly from the colony amslthe index of the dimension of the
problem. After producing;, this new solution is compared xp solution and the employed
bee exploits a better source while each onlooker wkose total number is equal to the

number of employed bees selects a food sourcethgtbrobability as given in (2.5).

pi = SN i (25)

wherefit; is the fitness of the solutioxg and produces a new source in selected food source
site by (2.5). After all onlookers are distributiedthe sources, sources are checked whether
they are to be abandoned. The employed bee assbeidh the abandoned source becomes a
scout and makes random search in problem doma{2.6y. The best food source found so
far has been memorized and the production stepsepeated until the stopping criterion is
met (Karaboga,2005; Karaboga and Basturk, 200@xeelures for ABC is given in Fig.2.4

X; = x;'“” + (X

max

X — x™) * rand (2.6)

Initialize
Repeat
Move the employed bees onto their food source aaldiae the fitness
Move the onlookers onto the food source and evaltleir fithess
Move the scouts for searching new food source
Memorize the best food source found so far
Until (termination criteria satisfied)

Fig. 2.4 Procedures of ABC algorithm
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2.2 Artificial Neural Networks

Artificial Neural Networks (ANNSs) are parallel o@ing systems and are capable of learning
which the primary feature of a human brain is. Triput/output training data are fundamental
in ANN technology, because they convey the necgsséwmrmation to discover the optimal
operating point. The nonlinear nature of the neuraiwork processing elements (PEs)
provides the system with lots of flexibility to aetie practically any desired input/output
map. ANNs’ computation method is adaptive and faolierant. Moreover it is capable of

deciding under uncertain conditions and handlint wisufficient data (Zurada, 1995).

A basic neural network structure (Fig.2.5) cons@dtan input and output layer with at least
one hidden layer. Each layer includes “neurons” cwhiare the processing elements
performing some specific operations. Input layen@y passes input data samples to the
hidden layer. Hidden neurons in the hidden layebénthe network to learn complex tasks
by extracting progressively more meaningful feagurem the inputs by applying a nonlinear

activation function (Fig.2.6) which is differenti@beverywhere. The set of output signals in
the output layer of the network constitutes theralWeresponse of the network to the

activation pattern supplied by the source noddkannput layer (Haykin, 1999).

Fixed input xy =+ 1

g O- Wi = b (bias)
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Eﬁ "P'K'J - 11,
. . '-31||1'.|mm~=-
. . Junetion
.wlf:'_ Wip
Synaptic Threshold
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Fig. 2.5 ANN Architecture (Haykin, 1999)
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Fig. 2.6 Common nonlinear activation functions-Safhlinearity (a) Sigmoid and
(b) Hyperbolic Tangent;- Hard nonlinearity (c) Sigm and (d) Step
Interactions between layers are provided with c¢oiefits called “weights”. The nonlinear
mapping from input to output is realized by usirgnmective weight matrixes from input
layer to hidden layer and from hidden layer to autfayer. Weights demonstrate the
importance of knowledge at each layer and its irhpger that layer. Determining the values

of weights is called “the training process” of aNM (Schalkoff, 1997).

Initially, weights are assigned random. ANN updatesghts as data samples are introduced.
Data samples are introduced to ANN by presentirg am input for unsupervised learning or
an input together with a corresponding target respofor supervised learning technique.
Considering supervised learning technique, an eésroomposed from the difference between
the target response and the system output. Thesatm obtain the weight values that can
minimize the mentioned error value. Whole trainti@ja set is introduced repeatedly and this
error information is fed back to the system in ortteupdate weights to the most possible
accurate values. Accurate weights ensure that AdNAble to generalize about the case that
training data set represents (Haykin, 1999). Gatgegeneralization ability is called “the
learning process” of an ANN (Fig.2.7).
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Fig. 2.7 Neural Computation [1]

Learning in ANN involves two phases. In the firdtage, system output is determined
considering the sample introduced to the input.odding to the accuracy level of this output,

weights between layers are updated as given in. (2.7
w; (n+1) = w;, () + Aw, (2.7)

wherew; is the weight from neuronto j, n is some discrete, arbitrary time increment and

Aw; is dependent to the training algorithm.

Completion of training process is followed by expents for evaluating the performance of
learning which is called “the testing process”.sThrocess utilizes samples that have not been
introduced to ANN during training process. Valudstiee weights are not adjusted during
testing. First of all, test samples are introdutedhe trained ANN. Trained ANN produces
outputs for the test samples using weight valuegchwlvere determined during training
process. The accuracy of system outputs duringngeptoves that ANN structure has learned
the case and is capable of generalizing aboutdke that whole training data set represents.
General procedures of training and testing proceaseprovided in Fig.2.8

Initialize weights
Upload train inputs & train target outputs

Repeat
Calculate the weighted sum of train inputs for ehitden layer neuron
Execute nonlinear activation function in each hiddeyer
Calculate the weighted sum of hidden layer outfartgach output layer neuron
Determine error between train target outputs anstesn output for train inputs
Update weights according the learning rule and ewalue

Until (error criteria satisfied)

Upload test inputs & test target outputs
Calculate system output for given test inputsadiag to the final weight values
Compare system outputs with test target outputs

Fig. 2.8 General Procedures of an Artificial KgUNetwork
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2.2.1 Multilayer Perceptron

Multilayer perceptrons (MLPs) are probably the metdely used supervised feed-forward
neural networks where the input signal propagdtesugh the network in a forward direction.
MLP structure utilizes at least one hidden laygvedeling on the complexity of the data set.
This algorithm is based on the error-correctionrie rule. The activation of a hidden unit
(neuron;)) is a functiorfj of the weighted inputs plus a bias, as given i8)(2.

Xe = £ Wy Xy +0;) = f,(yy) (2.8)

wherew; is the weight of input to neuronj, X is inputi, that is, output from the previous
layer, for input datgp and 6 is the threshold value. The output of the hiddeftsurs
distributed over the next layer f,, hidden units until the last layer of hidden undswhich
the outputs are fed into a layengfoutput units. (Schalkoff, 1997; Haykin,1999)

Fig. 2.8 shows MLP structure with one hidden layBne network shown here is fully
connected, which means that a neuron in any lafe¢heo network is connected to all the

nodes/neurons in the previous layer.

i) i p—»

i i) p—w

FL ) -

6

Fig. 2.9 MLP Structure
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There are some issues involved in designing amirigaa multilayer perceptron network [2]:

e Selecting how many hidden layers to use in the or&twFor nearly all problems, one
hidden layer is sufficient. Two hidden layers armequired for modeling data with
discontinuities such as a saw tooth wave pattesingjtwo hidden layers rarely improves the

model, and it may introduce a greater risk of cogwveg to a local minimum.

e Deciding how many neurons to use in each hiddeerla@ne of the most important
characteristics of a perceptron network is the remab neurons in the hidden layer(s). If an
inadequate number of neurons are used, the netwitirke unable to model complex data,
and the resulting fit will be poor. If too manyurens are used, the training time may become
excessively long, and, worse, the network roagr fitthe data. When overfitting occurs, the
network will begin to model random noise in theadafhe result is that the model fits the

training data extremely well, but it generalizesgpto new, unseen data.

e Finding a globally optimal solution that avoids &@aminimum:A typical neural network
might have a couple of hundred weighs whose vahest be found to produce an optimal
solution. If neural networks were linear modelsliknear regression, it would be a breeze to
find the optimal set of weights. But the outputaofieural network as a function of the inputs
is often highly nonlinear; this makes the optimizatprocess complex. If the error is plotted
as a function of the weights, a rough surface witimy local minimum would likely been
seen. Therefore sophisticated optimization methaws required for obtaining the global

minimum.

« Converging to an optimal solution in a reasonabdeipd of time Most training algorithms

follow this cycle to refine the weight values: @Jin a set of predictor variable values through
the network using a tentative set of weights, (@npute the difference between the predicted
target value and the actual target value for thsec (3) Average the error information over
the entire set of training cases, (4) Propagateether backward through the network and
compute the gradient (vector of derivatives) of ¢hange in error with respect to changes in
weight values, (5) Make adjustments to the weightseduce the error. Each cycle is called
an epoch. Depending on the characteristics oftri@i@ing algorithm, execution time of

epochs varies. However; training should be condude reasonable period of time.
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2.2.1.1Backpropagation Training Algorithm

The method of steepest descent, known in the neeatalork literature as backpropagation,
updates the weights of the network in the directibeteepest descent. Backpropagation (BP)
algorithm is perhaps the most widely use trainiracpdure for feed forward neural networks.
It is an iterative optimization of error functioapresenting a measure of the performance of
the network (Jabri et al., 1996; Haykin, 1999). g#iupdate is given in the following.

AW, =% .G (2.9)

with

3 {f (net )(d; —x;) if i is an output neuron (2.10)

f'(net)Y. 8, w;  otherwiss

wherenet is the net input to a neurox,is the output of neuron d; is the desired value for
output neuron anda is the learning rate. Backpropagation requires deevative of the
neuron output with respect to the neuron inputdreputed which introduces computational
complexity. Besides, learning should be adjustedredver convergence is often excessively

slow near local minimum.

2.2.1.2Levenberg-Marquardt Training Algorithm

Levenberg-Marquardt (LM) is a variant of the Gabgwton optimization method which is
very effective for varying smoothly between therertes of the inverse-Hessian method and
the steepest descent method. This method aimsdtweethe mean square error between a
model and data in the model parameter space. ksmoell in practice and has become the
standard of nonlinear least-squares routines. ®ha bf LM used here was 'half-Newton' in
which second derivatives of the mean square eM&H) with respect to fitting parameters

are approximated.

The network weight and bias vectors are iteratividyermined by Levenberg-Marquardt

learning algorithm. The correctiotw; applied tow; is defined in (2.11).

Aw; = -(373 + A1 g(k) (2.11)
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whereJ is the Jacobi’'s matrixJ§ = ds”/dw ) ande denotes a p-dimensional vector of error

between ANN output and the desired output. Fordargiue of/, the algorithm approaches
the gradient method (with learning step 1/1), for smallA it becomes the Newton method.
This method has the advantages of fast result cgamee with very low epoch number. The

disadvantage of this method is an increased cormpugh complexity (Dohnal, 2003).

2.2.2 Radial Basis Functions

Radial basis functions neural network structure KRB a different approach by viewing the
design of a neural network as a curve-fitting agpnation problem in a high-dimensional
space. According to this viewpoint, learning is igglent to finding a surface in a
multidimensional space that provides a best fithtotraining data. The input layer is made up
of source nodes. The second layer is a hidden Eyeigh enough dimension, which serves a
different purpose from than in a multilayer percept The output layer supplies the response

of the network to the activation patterns appl@dthe input layer as given in (Fig. 2.10).

Fig. 2.10 RBF Structure

The transformation from the input space to the énddnit space is nonlinear, whereas the
transformation from the hidden-unit space to thgpouspace is linear (Haykin, 1999). The

mathematical expression of an RBF is given in (R.12
y=2Wg (x)=> wg(x-c[)=w'x (2.12)

where w; is the weight from thé™ neuron of the hidden layer 16‘ neuron of the output
layer. g, (x) is an activation function and in general Gaus$iation. In Gaussian function,
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x denotes input vectoc; denotes center, WheHE—Ci || is the standard Euclidean distance, and
o, as spread. Mathematical expression of Gaussiatiéumis provided in (2.13)

D(r) = exp(—M) (2.13)
207

2.2.3 General Regression Neural Network

GRNN is a memory-based network that provides eséism@f continuous variables and
converges to the underlying regression surface. RNa one pass learning algorithm with
highly parallel structure. The principal advantages GRNN are fast learning and
convergence to the optimal regression surfaceasuimber of samples becomes very large.
The learning is done by selecting the single raoklels function bandwidth that produces the
lowest mean square error for only one iterationodgh the training data. GRNN
approximates any arbitrary function between inmud autput vectors, drawing the function
estimate directly from the training data. Furthereydt is consistent; that is, as the training set
size becomes large, the estimation error approanéres with only mild restrictions on the
function. GRNN is particularly advantageous wittaige data in a real time environment,
because the regression surface is instantly defavedy where, even with just one sample
(Specht, 1991a; 1991b).

The GRNN topology consists of 4 layers: the inpyetathe pattern layer, the summation
layer, and the output as shown in Fig.2.11.

Input Units

) Pattern Units

(f[\) Output Unit
y

Fig. 2.11 GRNN Architecture (Specht, 1991a)

The input units are merely distributed units, whpsbvide all of the (scaled) measurement

variables to all of the neurons on the second |gy&ttern units. The number of pattern layer
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nodes is always equal to the number of samplefeantraining dataset. Each node in the
pattern layer is assigned a unique training vectmresponding to one of the randomly
selected training set cases. The distance is ctdculzetween each pattern layer node vector
and the input layer vector as given in (2.14) wieiethe number of features,is thej™ data
value in the input vectox; is thej™ data value in thé" sample vector and- is the spread
parameter which is also defined as smoothing fg&pecht, 1991a; 1991b; Currit, 2002).

D, = sz;(x'%‘x'j (2.14)

All pattern layer nodes are fully connected to siienmation layer nodes. The summation
layer nodes sum the values of all pattern layeesodhere are two types of summation layer
nodes: a numerator node and a denominator nodethBse connections to the numerator
node, the value of each pattern layer node is plig@tl by the actual output value of that
training case prior to summation. The predicted e/adufinally calculated in the output layer
node by dividing the numerator node value by theod@nator node value as given in (2.15)
whereN is the number of samples in the training set. €81 991a; 1991b; Currit, 2002).

N .
Z Ye\ctualI ' exp(di )
ypredicted(x) == (215)

> exp@)

After determining the error between actual and igted y values and depending on the
optimization technique used to minimize the erretween those values, the above calculation
may be run numerous times with a different smoggfi@ctor each time. Training stops once a
threshold minimum error value is reached, or when test set square error begins to rise
(Specht, 1991a; 1991b; Currit, 2002).

2.3 Particle Swarm Optimization- Artificial Neural Netw orks: A Hybrid Structure

The type of algorithm most commonly employed foinirsg ANNs are local-optimization
algorithms. Local optimization algorithms generaliyguire a large number of accuracy bits to
perform well. This is because small variations ia ¢nror function are quantized to zero (Xie
and Jabri, 1992). This leads to the formation @frgd number of plateaus in the error surface
in addition to those that already exist. These plsecan be absolutely flat due to the

quantization, which tends to trap the training pehare (Braendler and Hendtlass, 2002).
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Weight and bias training of neural network involvestually complex continuous
optimization of parameters. Notwithstanding BP Isasple and flexible advantages, BP
based on gradient descent is extremely sensitiugtial weight and bias vector. So, different
initial weight and bias vectors may lead to totallfferent results or even falling into local
optimum. In order to prevent the outputs turningpifocal optimum, the neural network
generally allows for setting initial value randomly such case, it is required to consider if
the weight and bias are optimum one after trainifrgal and error method has been applied
by Amir and Chuanyi (1997) to find out better iaitiveight settings. In addition, selection of
dynamic optimal learning rate, etc., depends upshdnd experience. The network cannot be
converged if the value is improperly set, or evanthe case of convergence, the slow
convergence speed may lead to longer training @rel bptimum without optimal weight and
bias distribution (Kuo, 2007).

Evolutionary computation (EC) methodologies have beggplied to three main attributes of
neural networks: network connection weights, nekwarchitecture (network topology,
transfer function), and network learning algorithiwst of the work involving the evolution
of ANN has focused on the network weights and togichl structure. Usually the weights
and/or topological structure are encoded as a absome in GA. The selection of fitness
function depends on the research goals. For aifitas®n problem, the rate of misclassified
patterns can be viewed as the fitness value. Thandaige of the EC is that EC can be used in
cases with non-differentiable PE transfer functiand no gradient information available. The

disadvantages are listed below [3]:

e The performance is not competitive in some problems.
e Representation of the weights is difficult and tenetic operators have to be carefully
selected or developed.

There are several papers (Junyou, 2007; Kuo, 20@nhdes et al, 2002; Zhang et al, 2000;
Zhao, 2005) that reported using PSO to replacebfluk-propagation learning algorithm in

ANN in the past several years and stated that BSDpromising method to train ANN. It is

faster and gets better results in most cases thaniB particular the global optimization

method PSO is employed to provide a sense of tieetdiities of optimization of the weights

and biases of neural networks, and seek a gootingtaveight vector for subsequent neural
networks learning algorithm. It also avoids somehaf problems that GA met (Braik et al.,
2008). Especially, LM algorithm is slower than PSOaatraining algorithm due to derivative
operations performed in LM (Vilovic et al., 2009).
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2.3.1 Representation of Particle Vector

Implementation of a problem in the PSO framewosktstfrom the parameter encoding, i.e.,
the representation of the problem. Particle veofdPSO is constituted of the whole weight
values of the neural network as given in Fig.2T2e parametew, ;"' describes the weight
value between the connection of & neuron in the hidden layer and tffeneuron in the
input layer. Similarly,w,'© represents the weight value between the conneofighe o™

neuron in the output layer and th® neuron in the hidden layer.

HI HI OH OH
W11 Wh,i W11 Wo,h

Fig. 2.12 Particle vector representing weight value

2.3.2 Evaluation (Fitness) Function

Implementation of an optimization problem in PSQealized within evolutionary process of
an evaluation function. The function adopted is thean square error (MSE) of training

period that is given in (2.16).
1 N
MSE:—Z EP
N (2.16)

whereN is the total number of data samples in each epadiE® is the instantaneous error
that is given in (2.17)

E® = Qﬁp) Z (ys! (2.17)

with

Z h(f(zwh, X”) (2.18)

whereq is the total number of output neuroeg? is the error betweetarget outputydo‘p) and

system outputy (P at 0" output neuron fop" data sample in the training sétis the

nonlinear activation function utilized in the hisdaeurons (whose total numbert)s Total
number of neurons in the input layernswhich also corresponds to the dimension of each
data sample representedA#}} in the training and test set.
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2.3.3 The Processing Steps of PSO-ANN Hybrid Algorithm

The following describes the detailed steps of PSONAiXocess:

Treat each weight values of MLP as the elementpafraicle vector.

Initialize particle vector with random number geatar.

Evaluate each particle by MSE.

Modify gesiand pesidby simply comparing their fithess values.

Calculate velocities for each particle by (2.2)

Renew each particle to the new position by (2.3)t timeluding random search
phenomenon.

Evaluate modified particles by MSE.

If the evolution process reach to a satisfying ¢ooid (or maximum epochs are reached)
then go on to step 9, else decrease inertia wgighameter, w, linearly and go back to
step 4.

If maximum epochs are reached and a satisfyingitonds obtained then go on to step
10, and if satisfying condition is not met, increamimber of TC and adjust PSO design

parameters and start again.

10- Utilize the best particles which minimizes MSE teaéisfying condition as the weight

values for MLP and proceed with testing of the tegiMLP.

2.3.4 PSO-MLP Application for Classification of Nonlinear Inputs: EXOR Problem

XOR is a connective in logic known as the "exclesor” or exclusive disjunction. It is a

logical operation on two operands that results lagécal value of true for only if one of the

operands but not both has a value of true [4]. X®R basic dataset that is not linearly

separable and is widely used to train and test AW input output values for XOR are
tabulated in Table 2.1.

Table 2.1 Truth table for XOR

Input1  Input 2 | Output
0 0 0
0 1 1
1 0 1
1 1 0
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PSO-MLP structure is constituted using MATLAB 7.lthwut using any toolbox application.
Since hybrid structure is completely adaptive, emeent of the neurons depending on the case

requires no hand-tuning of any variables in sofewvar

Considering PSO-MLP hybrid structure, input layas 2 neurons, since EXOR problem has
2 dimensions, with one bias and output layer hasautput neuron. Number of neurons in the
hidden layer is chosen as 5. This kind of a netwawkfiguration introduces 20 different
weight values which constitutes the dimension ef particle vector. Total number of initial
particles (TN) is set to 15 which is shown in (2.18¢tivation function is sigmoid function

and therefore weights are initialized random betw@and 1.

1 Wy Wy iy W, Wy W, W, W

(2.19)

was) wigl wig,  wig witwih wiE wAswAs |

PSO-MLP has been run for 20 times and best resuéisprovided in Table 2.2. Fitness
function to be minimized is MSE. Maximum number pbehs is set to 50. MLP has been

successfully trained with PSO for EXOR problem.

Table 2.2 Training Performance of PSO-MLP Structure

Inputs |Target Output | PSO-MLP Output Training Performance
0.1/0.1 0.1 0.1 Network Structure 2-5-1
0.9/0.1 0.9 0.9 MSE 5x10°
0.1/0.9 0.9 0.7 Number of Epochs 25
0.9/0.9 0.1 0.1 Execution Time 3.12s
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3. EVOLUTIONARY ALGORITHMS FOR DISCRETE CIRCUIT DESIGN

In this section, evolutionary algorithm methodsatig®ed in the previous section are utilized
for discrete circuit design. Component value seects a very time consuming task when
components are selected from multi-decade ranga fmrticular manufactured series. Total
error of the filter circuit may decrease when satopology is designed with different

manufactured series. Therefore, performances of Ethads will be investigated on these

analog active filter design problems.

3.1 Analog Active Filter Structures

Analog active filters are one of the key componentsixed-signal circuit designs and are
widely used in separation of signals according reqdiency bands, frequency selection
decoding, estimation of a signal from noise, denhatchn of signals and amplifying elements
(Paarman, 2007). Analog active filters are comprrisieoperational amplifiers (op-amp), with
resistors and capacitors in their feedback loapsyhthesize the desired filter characteristics.
They can have high input impedance, low output imaped, and virtually any arbitrary gain.
Possibly their most important attribute is thatytHack inductors, thereby reducing the
problems associated with those components. 3udlptoblems of accuracy and value spacing
also affect capacitors, although to a lesser dedgtedormance at high frequencies is limited
by the gain-bandwidth product of the amplifying rents, but within the amplifier's
operating frequency range, op amp-based activer fitan achieve very good accuracy,
provided that low-tolerance resistors and capesitare used. Analog active filters are
characterized by four basic properties; the fitigre (low-pass, high-pass, band-pass, etc.),
the passband gain (generally all the filters hamgyugain in the passband), the cut-off
frequency (the point where the output level halefaby 3dB from the maximum level within
the passband), and the quality fadfp(determines the sharpness of the amplitude respons
curve). A low-pass filter is a filter that passesvifrequency signals but attenuates signals
with frequencies higher than the cutoff frequenoyw-pass analog active filters are widely
used in biomedical instrumentation amplifiers, ¢elmmunications and radio frequency
systems (Paarman, 2007; Lacanette, 2010). Two ef lthv-pass analog active filter

topologies used in this study is examined in thiewang.
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3.1.1 Butterworth Filter

Butterworth filters are termed maximally-flat-matyde-response filters, optimized for gain
flatness in the pass-band. The transient responasd3afterworth filter to a pulse input shows
moderate overshoot and ringing (Schaumann and Whikg, 2001). Ideally passband
extends from 0 ta; and stopband extends fram to .o wherew, is the cutoff frequency and
ws IS the stopband frequency. Here, a low-pass Butteh filter is of concern with passive
components and op-amp structures. In order to naakkee comparison with the results of

(Jiang et al, 2007), same filter topology is ugethis work.

The 4" order VCVS low-pass Butterworth filter can be isadl by cascading two second
order blocks, its transfer function is given inl{Bwherew.i, wc; andQ, Q. are the cutoff

frequencies and the quality factors of two secamlgofilters, respectively.

2 2
Dcy Dc2
H(s) = - ¢ X - = (3.1)
S+ —Lsro,® ?+—2s+my,’
il 2

The circuit of the # order VCVS low-pass Butterworth filter is shownFiy. 3.1. According
to the circuit in Fig. 3.1, the transfer functioitlais filter can be obtained as given in (3.2).

1 1
S’RIR,CIC; + S(RCy + R,Cy) +1 ’ S*ReR,CoCy + S(RCs + RiCy) +1

H(s) = (3.2)

I
i i
V; Rl R2 R3 R4 —»

T TE3
Fig. 3.1 Butterworth % order VCVS low-pass filter (Jiang et al., 2007)
According to (3.1) and (3.2), definitions of cutéféquency and quality factor with respect to

the circuit components are given in (3.3) and (3.4)

1 1

Oy = —F————,0p = —————
¢ JRR,CC, © JRsR,C.C, (3.3)
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,MﬁﬁﬁzQ JR3R,C,C,

LT RC,+R,C, %2 RyCy+R,C, (B4
The 4" order Butterworth filter is implemented by cascapiwo second order ones, in this
work and as in (Jiang et al, 2007), their cut-efguencyw.; andw¢, are the same as 10k
rad/s, their quality factor®; and Q. are 1/0.7654 and 1/1.8478 respectively where tyuali
factor values are determined from the table of pass second order factors.

3.1.2 State Variable Filter

A state variable filter (SVF) realizes the stateespmodel directly. The instantaneous output
voltage of one of the integrators corresponds ® afithe state-space model's state variables.
SVF can produce simultaneous low-pass, high-padsbamd-pass outputs from a single

input. A second order SVF is illustrated in Fig2 and is well described in (Schaumann and

Valkenburg, 2001). The low-pass output is assumeg ioebe the desired output.

AN,
v viv c1 R3 2
Iy RS | 1 —
R1 AN Iy R6
Vi —WA——+ >_ Vo
+ o
e +
LW +

Fig. 3.2 State variabld®order low-pass filter (Schaumann and Valkenbu@13

The response of d'%order low-pass circuit is specified by the passbgain Hsve), the cut-
off frequency fsv=27fsy) and the selectivity factoiQsve). These quantities are given in

terms of passive component values in the follovaggations.

:jﬂ%+&)w __&I 1 J
" R(R+Ry) SVF‘\/(Rs CCoRR; (35)

Rs(Ri+ Ry) |CRyRs
Ri(Rs + Ry) V| CoRsRs

SVF —

(3.6)

The specification chosen here issy=10k rad/s fcy=10000/(2%)=1591.55 Hz.) and
Qsv=0.707 for reduced peak on low-pass response. T¢sbaad gainH) is not very critical

in most applications since it can be compensatedthgr cascaded analogue circuits. In the
conventional design procedure (Schaumann and Vialkgn2001)H is fixed at some value;
however for EA methods, it is unconstrained (Jiang,e2007).
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3.2 Conventional Design Method

Conventional methods make all resistors equalrioranalized value of unity (2), and then
set the cut-off frequency of two second order Butteth filters w¢i, wc, to 10k rad/s, and
quality factor of two second order Butterworth €t Q;, Q. to 1/0.7654 and 1/1.8478
respectively. Similarly, all resistors are equaliz®® a normalized value and set cut-off
frequency of second order state variable filtex,to 10k rad/s and quality fact@@syrto
0.707. Thus, the values of four capacitors can heaiméd according to (3.3) and (3.4) for
VCVS Butterworth filter and two capacitors accoglito (3.5) and (3.6) for state variable
filter. As the values of components may not in fhasible range, for an exact design, a
sensible way is firstly to multiply all values adgistors by a reasonable factor to make their
values in the middle of the range. At the same tiatlethe capacitor values must be divided
by the same factor (Schaumann and Valkenburg, 200dhsidering a design procedure
where manufactured components are chosen, the esiangionent values are rounded to the
nearest preferred values which will increase th@ tbesign error.

3.3 Evolutionary Algorithm Based Active Filter Design

In order to investigate the usage of evolutiondgp@thms (EA) in active filter circuit design
and to compare with previously used methods, twterdint low-pass analog active filter
circuits given in Fig. 3.1 and Fig. 3.2 is select@tural et al., Article in Press). By
establishing design criteria and design paramébeEf and satisfying desired constraints, the
optimal circuit structure was aimed to be desigmgthe algorithm. Design problem has been
introduced by composing an equation consists afyjdgsarameters as a cost function (CF). In
the beginning of the algorithm a certain range watermined for design parameters by
human designer. EA should minimize the given CF abthin design criteria and design

parameter values for the given range which givesmum CF value.

In this work, GA, PSO and ABC algorithms are ughbizfor evolutionary algorithm based
active filter design and performances of thoseemauated by means of computation time
and accuracy. The aim is to estimate the prefereddes of resistors and capacitors of the
selected circuit with minimum design error. Eaclmponent used in filter design tasks was
chosen to take value in the uttermost range dtdad ohms for the resistors and 1@ 10°
farads for capacitors. Values outside these ramges judged to lead to unwanted practical
effects such as stray capacitance effects or Isiggeal currents (Horrocks, 1993; Lacanette,
2010).
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For both filter design tasks, the performance ableévonary algorithms is investigated by
varying own parameters in order to obtain the munimtotal error value. Considering GA
method, it was initiated with 15, 20 and 30 chroaross with each is comprised of 8 genes in
population. ‘Parent’ genes were selected with detteiwheel selection. ‘Child’ genes were
generated using random single-point cross-ovenegplith a probability of 0.5, 0.63 and 0.8
and mutation was applied to each bit in the gerta @iprobability of 0.01, 0.07 and 0.15.
Uppermost number of iterations was determined a8000 PSO method was applied to filter
design tasks such that initial population matrixesiwvasNx16 where row number oN
(N=5,10,15 respectively) indicates the number ofiglag in the population and column
number of 16 is the dimension of particle vectoriahhs given in (3.7). ABC optimization
utilizes with a food number of 5, 50 and 500 witjual numbers of employer and onlooker
bees. Maximum search limit is defined as 10,100 Hd@0 cycles and maximum iteration
number is 10000 for both filter design tasks wheaieh of 8 components is represented with

two parameters as similar to PSO method.

a1 alibh by @1 ely di dh erelr i fligr gl o bl

(3.7)

appalygbrablyg croclyp diadli 108l fiaflie E10Elie Mahlyg

- —10x16

Previous paragraph explains the common charadatsrist each method used in both filter
design tasks. However since circuit topologiesedifh the following filter design tasks EA
methods used in this work are utilized for eachigitesask. In the following, design error
definition for each filter structure and relatedgmonent representation method for each EA

technique is presented.

3.3.1 Butterworth Filter Design

In order to make a true comparison with previoushods, same error criterion with (Jiang et
al, 2007) is used here. Total design error (3.8hé& summation of cost function error of

cutoff frequency CF,,) and quality factorQFg). Those definitions are given in (3.9).

Erorea = 0.5 CF, + 0.5 CRy (3.8)
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_ |a)cl - a)c| + |a)c2 - a)c|

ek

Q) 0.765 1.847

C

In order to introduce the Butterworth filter desitask to GA, PSO and ABC, a CF which
includes values of discrete componer®s ¢ Ci. 4 as design parameters is constituted as
given in (3.10). The right side of (3.10) would ctinge the CF which EA techniques would
minimize. Herew, is set as 10k rad/s. GA, PSO and ABC should olitrminimum value

of CF, and the preferred values of design paramétat minimize CF. It is desired to obtain
the exact values of design parameté&s 4 C;. 4o which equate CF to a very close value to
zero. In each decade, any of twelve preferred gata@m be taken according to standard E12

series within the range of 1@ 1¢ ohms for resistors and 2@ 10° farads for capacitors.

05 VRRGG RRG
Error,,, = oo @ (3.10)
0g [YRRGG 1 | [JRRGG 1 |
‘RlCl+ RG 07654 |RG+ RG 1.847B

3.3.1.1 Component Representation for GA

The values of resistors and capacitors constit@elittmension of the chromosome where each
chromosome is comprised of 8 genes as given inF8).Each gene is binary coded 4 bits,
representing the resistors and capacitors compatilth E12 series. As a result, considering
VCVS Butterworth active filter design task, GA i#éds chromosomes with 32 bits.

R1/R2|R3|R4|C1|C2|C3|C4

Fig. 3.3 Component values in a chromosome for Butigh filter

3.3.1.2 Component Representation for PSO and ABC

The values of capacitors and resistors constitigedtimension of particle vector. Since the

probable values vary from three decade range, mgesgheme is used as in (3.11).

Ri=ax 100 x 10 Q), R=bx 100 x 16¢* Q)

Rs=cx 100 x 16* (), R=d x 100 x 16" (Q) (3.11)
Ci= e x 100 x 16  pF), G=fx 100 x 10" (pF)

Cs= g x 100 x 10* (pF), G=h x 100 x 10" (pF)
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Since each resistor should take an E12 serial valtiee range of 10to 16 ohms, the design
constraint for resistors given in (3.12) must bes§ad. Similarly each capacitor should take
E12 serial value in the range of 1@o 10° farads. If capacitor values are defined in
picofarads (pF) then design constraint for capesigoven in (3.13) would be valid.

0l<a,b,c,d< 082 2<alblcldl<4 (3.12)

0l<ef,g,h<082 2<el flglhl<4 (3.13)

3.3.2 State Variable Filter Design

Design error (3.14) is the summation of cost fusrcterror of cutoff frequencyCF,) and
quality factor CFg). Those definitions are given in (3.15). Since péssid gain is
unconstrained, it is not included to design erdirdtion.

Erroria = 0.5CF, + 0.5CFq (3.14)
CFEw :M,CFQ :M (3.15)
@y

In order to introduce the SVF design task to GBOPand ABC, a CF which includes values
of discrete components {R;, C; ) as design parameters is constituted as giveB.i6). The
right side of (3.16) constituted the CF which PSQuid minimize. Herevo andQ are set to
10k rad/s and 0.707, respectively. GA, PSO and AB@uld obtain the minimum value of the
CF, and the preferred values of design parametatsrinimize CF. It is desired to obtain the
exact values of design parameters_(@RC; ) which equate CF to a very close value to zero.
In each decade, any of twenty four and ninety sefgured values can be taken according to
standard E24 series and E96 series, respectivelynwitie range of 10to 1¢ ohms for
resistors and Ito 10° farads for capacitors.

|R3(R1+R2) /ClR4R5 ~Q
‘Rl(R3+R4) C,R3R (3.16)
+ 05

Error s, = 05

3.3.2.1 Component Representation for GA

The values of resistors and capacitors constituitedimension of the chromosome. Each

chromosome is comprised of 8 genes as given inF4g.Each gene is binary coded 5 bits,
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representing the resistor and capacitor valuesEft series and 7 bits representing the
resistor and capacitor values for E96 series. Assalt; for state variable active filter design
task, GA utilizes chromosomes with 40 bits and B$ for state variable active filter design

with components selected from E24 and E96 serigsecasely.

R1/R2/ R3|R4|R5|R6|C1|C2

Fig.3.4 Component values in a chromosome for SVF

3.3.2.2 Component Representation for PSO and ABC

In each decade, any of twenty four and ninety sefgored values can be taken according to
standard E24 series and E96 series, respectivelge $ire probable values vary from three
decade range, a coding scheme is used as in (3.17).

Ri=ax100x 18'Q), R=bx 100 x 16" Q)

Rs=c x 100 x 18! (), R=d x 100 x 18" (Q) (3.17)

Rs=e x 100 x 18 pF), R=fx 100 x 18 (pF)
Ci= g x 100 x 18" (pF), G=h x 100 x 18" (pF)

First, SVF is designed with components that are padible with E24 series. Since each
resistor should take an E24 serial value in thgeasf 16 to 10 ohms, the design constraint

for resistors given in (3.18) must be satisfieani&rly each capacitor should take E24 serial
value in the range of 10to 10° farads. If capacitor values are defined in picadar(pF) then

design constraint for capacitors given in (3.19ulddoe valid.

01<ayb,c,d,e f <091 2<alblcldlelfl<4 (3.18)
0.1<g,h< 091 2<glhl<4 (3.19)

Following, PSO and ABC algorithms estimated themponent values of SVF circuit that are

compatible with E96 series. Design constraints sgrecified similarly as explained for E24

series. The difference is the upper limit constsiior resistors and capacitors as given in
(3.20) and (3.21).

0l<ab,cde f <0976 2<alblcldlel fl<4 (3.2D

01<g,h<0976 2<glhl< 4 (3.21)
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3.4 Simulation Results

The performances of EAs on different types of filteesign are evaluated by means of
accuracy and computation time. Simulation resuit&A, PSO and ABC based filter design
tasks are investigated in the following. In ordeevaluate the feasibility of component values
obtained by EA based design method, each filteoltay is redesigned in SPICE simulation

environment with corresponding component valuesaandppropriate op-amp macromodel.

3.4.1 Butterworth Filter Design Results

In Butterworth filter design with components sedetfrom E12 series, the target CF result
with EA techniques is aimed to be smaller than 8.0Considering GA method, this
requirement has been met at the 77@8ration and the exact value of CF is obtained as
0.0166 with mutation probability of 0.01, cross-oywobability of 0.63 and chromosome
number of 20. Effects of GA’s own parameters oegalterror values (CF values) are given in
Table 3.1. Computation time for GA is 4.1 minuthge to the search of exact component
values compatible with E12 series.

Different from GA, PSO utilizes a search space withe constraints as given in (3.12) and
(3.13). This method shortens the computation tietgiired (3.7 s) and obtained component
values are in the provided ranges; however thelseyao not fit to the E12 values. Therefore
PSO based results of discrete component valuesoareled to the nearest preferred E12
serial value. Rounded values are evaluated whétkegrmeet the target CF result. If not, PSO
algorithm is rerun until satisfying CF results haeen obtained when ideal values found by
PSO is rounded to the nearest preferred E12 seFles.duration of total process is 3.2

minutes for Butterworth filter design with a totéésign error of 0.0076 utilizing acceleration

factors of 1.7 and particle number of 10. EffectP&0O algorithm’s own parameters over

total error values (CF values) are given in Tabl Betails of PSO based Butterworth filter

design are explained in (Vural and Yildirim, 2010a)

ABC optimization method obtained a design errof #f113 at 525 iteration in 0.7 seconds
with a search limit of 100 and total bee populatdri000. Effects of ABC algorithm’s own

parameters over total error values (CF valuespaen in Table 3.3.
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Table 3.1 Effects of Genetic Algorithm’s Own Paraens on Butterworth Filter Performance

Mutation Probability (MP)

Cg Avg'rzes MP=0.01 MP=0.07 MP=0.15

( 1'0_3) Crossover Probability (CP) | Crossover Probability (@P) | Crossover Probability (CP)

X CP=0.5| CP=0.63] CP=0.8 CP=0/5 CP=0|63 CP=0.8 CP+0&=0.63| CP=0.8
(%]
()
£ N=15 19 37.3 44 18 41 17 53 24 46
:
gg N=20 37 16.6 25 17 18 29 72 21 83
i N=30 19 64 23 63 79 67 56 65 63

Table 3.2 Effects of PSO Algorithm’s Own Parameterd8Butterworth Filter Performance

CF Values Acceleration Factors (g, ¢)
(PSO-E].Z) C1=C,=1.5| c;=c,=1.7 C1=Cr=2
8 | N=5| 0.014 0.0097 0.0796
8

S Z|N=10| 0011 | 0.0076 | 0.0895
©

H* N=15| 0.014 0.0091 0.0139

Table 3.3 Effects of ABC Algorithm’s Own ParametersButterworth Filter Performance

Search Limit (SL)
SL=10| SL=100| SL=1000

CF Values
(ABC-E12)

# of Bees

NP=10

0.2611

0.0467

0.1569

(NP)

NP=100

0.0951

0.0193

0.0268

NP=1000

0.0225

0.0113

0.0251

Following, performance of evolutionary algorithnss éxplored over 20 runs with optimal
own parameters as provided in Table 3.1, TableaB® Table 3.3. The resulting CF values
obtained in each run were used to produce box ahidker plots to show the median
performance as well as outliers as given in Fi§. Bpper and lower ends of boxes represent
75" and 28' percentiles. Median is depicted by the red lifiee Whiskers are lines extending
from each end of the boxes to show the extent ®fréist of the data. Outliers are data with
values beyond the ends of the whiskers. CF valaesusg iteration number for 5 independent
runs are plotted in Fig. 3.6, Fig. 3.7 and Fig. 88 GA, ABC and PSO algorithms,
respectively. These figures depict that numbertefations required to achieve the quality

requirements are slightly different in each run.
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Fig. 3.8 CF values vs. iteration number for PSOho@t(E12 series)

Exact values of discrete components, deviationktatal error of GA, PSO and ABC based

design and previously used methods are tabulat8alae 3.4 where the results of (Jiang et
al,2007) are tabulated from second to sixth colamd results of (Vural and Yildirim,2010a)

are given at the last column. Compared to the ptsvimethods and other techniques, PSO

algorithm achieved a smaller design error in a t&haomputation time than GA even if the

ideal results are rounded to the nearest preferaees. However in terms of execution time,
ABC outperforms both GA and PSO.

Table 3.4 Previous Methods and GA, ABC, PSO Tealesdor Butterworth Filter Design

Conventional (Jiang et al., 2007) (Vuraletal., Article in
Press)
ldeal | Nearest | jg GA CSA | GA | ABC | PsO
Values | Preferred
R1 (kQ) 1 1 27 4.7 4.7 6.8 4.7 4.58
R2 (kQ) 1 1 0.27 1.8 4.7 6.8 4.7 4.7
Cl (nF) 38.27 39 2.7 12 8.2 5.6 8.2 8.2
C2 (nF) 26.13 270 470 100 56 39 56 56
R3 (kQ) 1 1 220 100 0.27 39 1 1.1
R4 (kQ) 1 1 0.82 4.7 27 1 39 1
C3 (nF) 92.39 100 82 1.8 6.8 4.7 4.7 87.6
C4 (nF) 261.3 100 0.68 12 200 56 56 102.2
Aw 0 0.02549 | 0.01291| 0.01503| 0.011417 0.017%9 0.0201 0.01B35
AQ 0 0.05026 | 0.04264 | 0.02130| 0.0043q 0.0158 0.0024 0.0018
g;)rt(;arl 0 0.03788 | 0.02778 0.01817 0.00789 0.0166 0.011B0076




44

The frequency responses of the filter achievedhayEA techniques are shown in Fig.3.9.
Butterworth filter is realized with E12 compatibiesults of GA, ABC and PSO methods and
LM741 op-amp macro model with SPICE simulator. SPI€imulation proves that all
proposed methods provide a maximally flat respangie pass band. In this figure, x-axis
represents the amplitude response in decibels amdsyis the frequency. Sinae. is the
frequency point which the output of the circuit3sdB of the nominal passband value, those
points are also marked on Fig.3.9. Yet, it showddnbted that cut-off frequency obtained at
the output, should be lower than each designedidasstages. Due to the non-idealities of the

LM-741 op-amp macromodel, this decrement was neénted in Fig.3.9.

10

PSO
GA

ABC M
Conwentional

X: 602.6

Gain (dB)

Frequency (Hz)

Fig. 3.9 Frequency responses of conventional anth&&d design of Butterworth filter (E12)

3.4.2 State Variable Filter Design Results

In state variable filter design with componentsstdd from E24 and E96 series, the target
CF result with EA techniques is aimed to be smalan 1x10’. Considering GA method for
design with E24 series, this requirement has beenhanthe 1541 iteration and the exact

value of CF is obtained as 2.1735X1@vith mutation probability of 0.01, cross-over
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probability of 0.63 and chromosome number of 20e&f of GA’'s own parameters over total

error values (CF values) are given in Table 3.5n@atation time for GA is 5.2 minutes due

to the search of exact component values compatifite E24 series. GA based design with

E96 series possessed a CF value of 1.0449at@441" iteration with mutation probability

of 0.01, cross-over probability of 0.63 and chroomae number of 20. Effects of GA’'s own

parameters over total error values (CF values)garen in Table 3.6. The search of exact

component values compatible with E96 series requiré minutes.

Table 3.5 Effects of Genetic Algorithm’s Own Paraene on SVF Performance (E24)

Mutation Probability (MP)

Cg AVE';:S MP=0.01 MP=0.07 MP=0.15
( X]:O_A, ) Crossover Probability (CP) | Crossover Probability () | Crossover Probability (CP)

CP=0.5| CP=0.63 CP=0.8 CP=0.5 CP=0/63 CPx0.8 CP~0B=0.63] CP=0.8
(%]
(O]
£ N=15 26 14 12 18 11 14 9.5 4.94 6.5Y
=
gg N=20| 3.4 2.17 8.26 4.1 6.98 3.8 2.6 9.95 4.93
i N=30| 8.7 3.26 5.52 5.8 3.66 7.1 11 7.09 9.9

Table 3.6 Effects of Genetic Algorithm’s Own Paraene on SVF Performance (E96)

Mutation Probability (MP)

Cg Avglggs MP=0.01 MP=0.07 MP=0.15
( X]:O_A, ) Crossover Probability (CP) | Crossover Probability () | Crossover Probability (CP)

CP=0.5| CP=0.63 CP=0.8 CP=0.5 CP=0/63 CPz0.8 CP=0B=0.63] CP=0.4
(]
()
£ N=15| 3.3 3.34 5.4 5.1 1.94 2.71 2 8.1 6.94
=
%2 N=20| 8.1 1.05 4.6 2.1 1.43 7.2 8 2.5 3.89
; N=30| 3.2 3.41 4.3 3.8 2.5 6.56 2 3.16 5.32

PSO and ABC design method was explained in Buttghwiéilter Design Results section and
utilized for E24 and E96 series. The duration f&@CPbased design with E24 series is 4.5
minutes with a total design error of 3.6603X10tilizing acceleration factors of 1.7 and

particle number of 10. Effects of PSO algorithmignoparameters over total error values (CF

values) are given in Table 3.7. Considering E9@eserPSO possessed a CF result of

3.1084x10" in 5.6 minutes with acceleration factors of 1.9 article number of 10. Effects

of PSO algorithm’s own parameters over total evadues (CF values) are given in Table 3.8.
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Table 3.7 Effects of PSO Algorithm’s Own Paramet®@rsSVF Performance (E24)

CF Values Acceleration Factors (g, )
(PSO-E24) | c;=c,=1.5 | Gg=Cc,=1.7 | G=C,=2
N=5 | 6.99x10" | 4.76x10" | 2.05x10°

N=10| 6.54x10"* | 3.66x10" | 3.53x10°

N=15| 5.26x10* | 3.72x10* | 1.05x10°

# of Particles
(N)

Table 3.8 Effects of PSO Algorithm’s Own Paramet®@rsSVF Performance (E96)

CF Values Acceleration Factors (g, )
(PSO-E96) | ¢1=¢,=1.5 | g=¢,=1.7 | G=C,=2
N=5 | 6.01x10" | 5.71x10" | 2.36x10°

N=10| 8.01x10* | 3.11x10" | 4.36x10°

# of Particles
(N)

N=15| 9.89x10* | 4.52x10* | 7.34x10°

ABC optimization of SVF design task results in 3econds after 110 iterations with a total
error of 3.81x1d utilizing search limit of 100 and bee populatidnl600 when components

are selected from E24 series. Effects of ABC atbaris own parameters over total error
values (CF values) are tabulated in Table B@&vever, when considering E96 series, ABC is
the most successful algorithm among the others with shortest computation time and
minimum total design error. ABC based SVF desigedacluded in 2.6 seconds after 175
iterations with a total error of 0.171x%@tilizing search limit of 100 and bee populatidn o

1000. Effects of ABC algorithm’s own parametersro@€ values are given in Table 3.10.

Table 3.9 Effects of ABC Algorithm’s Own ParametersSVF Performance (E24)

CF Vvalues Search Limit (SL)
(ABC-E24) SL=10 | SL=100] SL=1000

NP=10 | 0.00944 0.00621| 0.01572

NP=100 | 0.00070 0.00068| 0.00363

(NP)

# of Bees

NP=1000| 0.00048| 0.00038| 0.00056




a7

Table 3.10 Effects of ABC Algorithm’s Own Paramsten SVF Performance (E96)
CF Values Search Limit (SL)

(ABC-E96) SL=10 | SL=100| SL=1000
o NP=10 | 0.08794 0.001124 0.00219
[}

m )
5 % NP=100 | 0.00057 0.000176| 0.00049
# NP=1000, 0.0006 | 0.000017 0.00088

Following, the performance of EAs over 20 runsplered with optimal own parameters as
provided in Table 3.5-Table 3.10. The resulting akues obtained in each run were used to
produce box and whisker plots for E24 series ané Eéries in Fig.3.10 and Fig.3.11
respectively. Detailed explanation of this typeptdts was given for Fig.3.5. Different from
Fig.3.5, outliers are marked with red plus.

CF Values
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Fig. 3.11 Box and whisker plots for SVF design vi®6 series over 20 runs
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Considering SVF design, CF values versus iteratiamber for 5 independent runs are
plotted in Fig. 3.12, Fig. 3.13, Fig. 3.14 for GABC and PSO algorithms utilized for E24
series, and in Fig. 3.15, Fig. 3.16 and Fig. 3dr7tlie same evolutionary algorithms utilized
for E96 series respectively. In those figuresaih @e seen that number of iterations required

to achieve the quality requirements are slightffedent in each run.

0.5 1
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e e GA run no.2 | |
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Fig. 3.12 CF values vs. iteration number for GA noet (E24 series)
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Fig. 3.13 CF values vs. iteration number for ABCtimoel (E24 series)
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Exact values of discrete components for both E2ZUESE series, deviations and total error of
GA, PSO and ABC based design are tabulated in Taldlé where results of (Vural and
Yildirim, 2010b) are provided in second, third, thixand last column. Considering SVF

design task with components selected from E24 se@d\ results in minimum total error

value. However, execution time of GA based desgrthie longest among others. ABC

outperforms other EA techniques by means of acguracd computation time when

components are selected from E96 series.

(Vural et al., Article in Press)

Table 3.11 Previous Methods and GA, ABC, PSO Teaples for SVF Design

Id(e:a?lnveml\ll(()eg?el:st GA ABC PSO GA ABC PSO
Valss | proforeg | (E24) (E24) (E24) (E96) (E96) (E96)
R1(Q) | 4000 4120 43000 62000 10000 69000 59000 10200
R2@) | 1656 1690 5600 1000 1650 2550 8870( 8660
R3() | 4000 4120 24000 91000 30110 65300 5490( 14700
R4(q) | 4000 4120 280000 4300 212000 237000 90900 187000
R5(q) | 4000 4120 4400 27000 1039 2870 10000 113(
R6() | 4000 4120 9200 1800 3900 1430 51100 294(
Cl1(nF) 25 25.5 180 2.7 470 110 7.5 464
C2(nF) 25 25.5 16 3.6 37 80.4 4.32 82.5
Ao 0 0.049 3.61 x10 | 1.43x10" | 4.08x10" | 3.63x1C | 0.29 x10* | 1.46x10"
AQ 0 0.003 0.73x10 | 6.17x10" | 3.24x10" | 1.73x10° | 0.05x10" | 4.76x10°
g?rtoar' 0 0.026 2.17 x10* | 3.80x10* | 3.66x10" | 1.05x10* | 0.17 x10* | 3.11x10
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In order to demonstrate the accuracy of EA base# 8%sign methods, SVF is simulated

with LM741 op-amp macro model and E24/E96 compatitdsults of EA methods using

SPICE. The frequency responses of SVF are givéingn3.18 and Fig.3.19 for E24 and E96
compatible results, respectively. Here, gain vakresdifferent since gain was unconstrained

at the beginning of the design procedure. From &Pdnulation results, it is evident that
evolutionary approaches provide a maximally flatpense and less cut-off frequency (-3dB

point) deviation than conventional method.
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Fig. 3.18 Frequency responses of conventional antdsed design of SVF filter (E24)
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Fig. 3.19 Frequency responses of conventional antddsed design of SVF filter (E96)

3.5 Summary

The performances of evolutionary algorithms on egahctive filter design have been
investigated comprehensively. GA, ABC and PSO rilyms were utilized for both™order
Butterworth low-pass analog filter and®®rder SVF design and was investigated for the
selection of passive components from different niaectured series by means of accuracy and
execution time. Selection of the optimal own pagtars is very crucial on minimizing total
design error value thus effecting filter performan@&mong the evolutionary approaches
utilized in this work GA requires more fine-tunirgj the own parameters and increasing
number of chromosomes decreases total error vafieshe cost of execution time.
Considering ABC, increasing search limit value litaties obtaining better CF values when
bee population is small. However, when bee poprais crowded than selection of bigger
search limits decelerates the algorithm and worgbasperformance. Increasing particle
number in PSO improves the performance unlessdateleration factors are selected as 2.

Following, 20 runs were performed with optimal owarameters obtained previously. The
resulting CF values were used to produce box andke&hplots which shows that CF values
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obtained with GA method varies the most among ttreromethods. The iteration number
required to achieve the quality restrictions arghsly different in each run for each method

which can be seen in the plots of CF values veatstation number for 5 different runs.

Considering Butterworth filter design with compotseselected from E12 series for a true
comparison with (Jiang et al, 2007); PSO achievedsmallest design error with respect to
previous methods and other EA methods. Moreoves tesign error is obtained with GA

than the previously used one in (Jiang et al, 2007)

Components of SVF are selected from two differeranofactured series in order to
investigate whether performance of EA methods inidrease or not when same topology is
designed with different series. GA algorithm ack@vhe smallest design error but the
longest execution time when selecting componepis fE24 series. This is mainly due to the
fact that PSO and ABC has fewer primitive matheoadtioperators than in GA (e.g
reproduction, mutation and crossover). Those madiieal operations require more fine-
tuning of own parameters. However when tolerandesomponents became tighter in E96
series, ABC algorithm obtained the most successfsiilts by means of both accuracy and
execution time. Choosing optimal search limit valsoids local minimum trapping and
increasing number of bee population improves thebability of converging to global
minimum. Therefore, selecting optimal own paraneefer ABC improves the accuracy as
well as the convergence ratdloreover, the performance of PSO was not affected
significantly due to the usage of different mantiiaed series for same filter topology as
other EA methods were. Therefore it has been prélwadthe selection of components from
different series had an influence on the performasicEA methods. ABC outperforms other
methods by means of execution time for all desigges, however when considering design
accuracy, each method has achieved the smallegindesor depending on the design case.
From Spice simulation results, it is clearly obsehthat the conventional method does not
provide a maximally flat response in the pass bamd results in bigger cut-off frequency
deviation. Moreover, SVF design with conventionathod screens stop band ripples during

frequency analysis unlike with EA techniques.
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4. PARTICLE SWARM OPTIMIZATION FOR INTEGRATED CIRCUIT  DESIGN

In this section, particle swarm optimization isliméd for both digital and analog integrated
circuit design cases. In order to investigate PSffopmance for digital circuit design,
switching characterization of an inverter is coesatl. Switching performance is one of the
quality metrics when considering a digital desifrom a system designer’s perspective, the
performance of a digital circuit expresses its cataponal ability (Rabaey et al., 2003).
While the amount of digital design activity far pates that of analog design, most digital
systems require analog modules for interfacindheoexternal world. One of the key features
of designing an analog circuit is the optimal sigof transistors where the chosen schematic
must be dimensioned to comply with the requireccsjpations (Allen and Holberg, 2002).
PSO performance for analog circuit design with t@msts is evaluated for MOS transistor

sizing of a differential amplifier with current medoad and a two stage operational amplifier.

4.1 Particle Swarm Optimization for Digital Integrated Circuit Design

The switching characteristics of digital integratenlcuits and in particular, of inverter
circuits, essentially determine the overall opetspeed of digital systems. The transient
performance requirements of a digital system arellys among the most important design
specifications that must be met by the circuit gesi. Therefore, the switching speed of the
circuit must be estimated and optimized very earlthe design phase (Kang and Leblebici,
2005; DeMassa and Ciccone, 1996).

4.1.1 Dynamic Characteristics of an Inverter

The inverter is truly the nucleus of all digitalsiigns. A CMOS inverter consists of a PMOS
and a NMOS transistor connected in cascade andibistperminated with a load capacitance

as shown in Fig. 4.1.

T
O\DD
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Fig. 4.1 Inverter Structure
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HereVpp stands for the supply voltage and input and owipliages are represented With
andV, respectively. The dynamic behavior of the CMO&ter is determined by the time it
takes to charge and discharge the load capacitanmegh the PMOS and NMOS transistors
respectively (Rabaey et al., 2003).

The closed-form delay expressions have been deriveder the assumption of pulse
excitations for lumped load capacitances. Befomvdton of delay expressions, definitions
of output voltage fall and rise times and propagatielay times are explained. The fall time,
t;, is defined as the time required for the outputage to drop from Yo level to Vigylevel.
Similarly the rise timet,, is the time required for the output voltage gerirom the Yoo level

to Vgoylevel. The propagation delay times,. andr, 4 determine the input-to-output signal
delay during the high-to-low and low-to-high trammis of the output respectively. By
definition 7, is the time delay between theggy, transition of the rising input voltage and the
Vsos transition of the falling output voltage. Similgrizy is defined as the time delay
between the Y, transition of the falling input voltage and thegey transition of the rising
output voltage (Kang and Leblebici, 2005; DeMagss#& @iccone,1996)

Delay expressions can be obtained by solving thie stquation of the output node in the time
domain. In order to calculate fall time of the auttwoltage, output capacitance should be
discharged through active NMOS transistor, as gindfig. 4.2(a), considering PMOS is cut-

off. As seen from Fig. 4.2(b), output fall timedalculated considering that NMOS operates

in saturation mode during &nd in linear mode during-t; time interval.

Vou |

Vv s 4 —

\__.TD 090 " T T T T Output fall time |
|
|

|
|
|
i , | . J
{ VoI - Y o q Transition from
d |
|
|
[

b | » -
saturation to linear
W I ('L .

DAL PS==== s

®

or--—-
-

- —
[

(a) (b)

Fig. 4.2(a) Load capacitance discharges through SNt@nsistor (b) Output voltage
waveform during high-to-low transition (Kang andbl&bici, 2005)
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Accordingly, total output fall time, is given as follows (DeMassa and Ciccone, 1996):

tf — CL |:2(\/tn_ONDD )+|n((2(\/DD '\4n ))'O-:MJDI| 4.1)
4.1
a1 | W)l Voo™ N

In order to calculate rise time of the output vgdaoutput capacitance should be charged
through active PMOS transistor, as given in Fi@(&), considering NMOS is cut-off. As
seen from Fig. 3.b, output rise time is calculatedsidering that PMOS operates in saturation

mode during4and in linear mode during-t3 time interval.

% tr _%I

b— o — e —_ _| _—— —
|
K I : | Transition from
> ' ! saturation to lihear
1 d \ ! ! ' |
I O
| I
I |
== ' . L t
0t o
(a) (b)

Fig. 4.3(a) Load capacitance charges through PM&8$istor (b) Output voltage waveform
during low-to-high transition (Kang and Leblebi2)05)

Accordingly, total output rise timé, is given as follows (DeMassa and Ciccone, 1996):

. C. 2(\Vip| - 0Vp) +m[ (20Voo — M) - o.NDD] o

Hy ox( j(vDD ‘th‘) (VDD_‘th‘) 0.1Vpp

Analysis of propagation delay timesn. and 4 also involves discharging output
capacitance through active NMOS and charging outagpiacitance through active PMOS

respectively. In order to simplify the derivatiori delay expressions, the input voltage
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waveform is usually assumed to be an ideal stepepuith zero rise and fall times. Under this
assumptionsp. becomes the time required for the output voltaget from Vou to the e
level andrp 4 becomes the time required for the output voltagese from \6. to the \soe
level (Kang and Leblebici, 2005; DeMassa and Ciecd996).

Vin .
VoHE---—-
Vagogl o __ _ | R |
VoL
S
S

Fig. 4.4 Input and output voltage waveforms of @dgl inverter and definitions of
propagation delay times (DeMassa and Ciccone, 1996)
As seen from Fig. 4.4, the output propagation halew delay time corresponds ot time
interval. Similarly -ty time interval is equal to the output propagation-to-high delay time.

According to that, propagation delay times are gielow (DeMassa and Ciccone, 1996):

oy = C, { Vi, +Ir{4(\/@ —m_lﬂ
/un ( j(vDD —V) (VDD th) VDD

(4.3)

C. Z.th‘ In 4(Vpp —’th‘) 1

Hy OX( j (Vpp — ’\/‘) Vop — ’th‘) Vbp (4.4)

tpLH =
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4.1.2 PSO Based Inverter Design

In order to investigate the usage of PSO in digitdgrated circuit design, three case studies
were carried out. In each case study, by estahlistiesign criteria and design parameters to
PSO and satisfying desired constraints, the optainalit structure was aimed to be designed
by the algorithm. Design problem has been introducePSO algorithm by composing an

equation consists of input variables and desigrampaters as a cost function (CF). In the
beginning, a certain range was determined for ldetign criteria and design parameters by
human designer. Input variables were also deteminyethe human designer and dependent
to preferential technology parameters. PSO shoutdnmze the given CF and obtain design

criteria and design parameter values for the greaige which gives minimum CF value.

4.1.2.1 Output Fall Time Estimation

In this case study, the aim was to estimate outpliage fall time of an inverter, as given in
(4.1), with minimum error value (Vural et al, 2030Buring design process, values of design
parameters fall timetg§, output capacitanceC() and dimension ratio of MOS structures
(equal sized NMOS and PMOS for this ca¥l-) should be kept in certain ranges and PSO
algorithm should find the solution set that corssibte exact values &f C_ and(W/L), ratio

for given ranges.

In order to obtain the cost function (CF) of thielglem, (4.1) was reorganized that right side

of it would be equal to zero, as given below:

(,UCOX)X(VTVJ (1) {2(O'NDD_\/‘“)+|n(Z(VDD_V“)_0']‘/"")}‘ (4.5)

(\/DD _th) VDD -V 0'1\/DD

tn

CF =

The left side of (4.5) would constitute the CF whieSO algorithm would minimize. It was
desired to obtain the exact values of design paiem&hich equate CF to a very close value
to zero. Equating CF to zero means that errorsis afjual to zero and output voltage fall time

is successfully estimated depending on the desaganpeters.

CF consists of fabrication technology paramet@es (Vin, 1Cox), design parameter§W/L),,

C.) and design criteriort as given in Table 4.1.
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Table 4.1 PSO inputs and outputs for Case Study-I

Corr:]pgrllents Information Inr;l;tr/(;gtgut
Vb e Set by human designer
Vi o Fabrication technology dependent INPUT
HnCox
CL e PSO would find exact results for the given ranges
(WIL), OUTPUT

s

Since TSMC 0.25 um fabrication technology paransefg} have been used, inputs of PSO
were set a¥pp=2.5V, Vin=0.3655V andi,Cox= 243.6 HA/\f. However, inputs would change
for different technology parameters.

Initial population matrix size was 10x3 where rownmber of 10 indicates the number of
particles in the population and column number o 8he dimension of particle vector which
can be denoted as=x[(W/L),, C., t]. Velocity update parametecs, c; andw were 1.7, 1.7

and 0.99, respectively. The algorithm runs for ugimeit of 250 iterations. Target error value

was taken as 0.0000@hd in all design experiments, CF results in lbas the target error.

In this case study, estimation of output voltagé tfeme was performed for considering 10
different ranges of design paramete@s, ((W/L) and design criteriont§. Specified ranges
and global best resultgyts) obtained as PSO synthesized results are tabulaieable 4.2.

Table 4.2 Specified Ranges and PSO SynthesizedtRé&suCase Study-I

Specified Ranges PSO Results
C (pF) (WIL) ti (ns) C.(F) [ (WL) | t(ns)
1 0.1-2.4 0.3-3.3 0.5-6.7 0.925 2.884 177y
2 0.2-5.6 0.4-2.3 0.3-6.0 0.861 1.352 3.53p
3 0.6-3.4 0.9-5.0 0.6-8.6 3.322 4.744 3.88p
4 0.5-3.6 1.2-4.1 0.9-11.0 3.379 4.05% 4.62f
5 0.7-1.8 0.7-4.9 1.2-15.0 0.991 1.962 2.80p
6 0.3-2.4 2.2-3.2 1.4-12.0 1.395 2.847 2.71p
7 0.4-1.87 0.3-4.9 0.4-7.7 0.638 4.274 0.828
8 1.1-2.3 1.8-6.9 0.4-6.5 1.305 2.344 3.088
9 0.7-2.3 0.7-3.0 1.6-5.7 0.947 2.59] 2.028
10 0.6-1.9 1.5-3.5 1.0-8.15 1.653 2.47 3.70p

As mentioned earlier, an initial population is dganfed for PSO algorithm and each patrticle
in the population is a candidate for the solutiBegardless of how far the particle is away
from the global solution; depending on velocity gmakition updates, most particles in the
population gather around the global best value. Hetailed investigation of PSO

performance, fifth design ranges have been selestesh example. Table 4.3 shows the initial
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population and personal beghds) results for all particles of these ranges. Fimalults of

particles are all approximated to global best te§uis).

Table 4.3 Evolution of Particles for 5th designGase Study-I

Initial Population PSO result (pyesvalues)
C.(pF)  (WiL) t; (NS) C.(pF)  (WiL) t (Ns)

0.9 2.44 3.77 0.991 1.962 2.805
72 27 19 0.991 1.962 2.805
38 17 14 0.991 1.962 2.805
48 17 11 0.982 1.937 2.813
16 24 48 0.993 1.963 2.808
467 62 12 0.986 1.952 2.802
5 6 7 0.991 1.962 2.805
54 12 24 0.991 1.958 2.810
63 14 28 1.071 2.101 1.822
35 342 68 1.061 1.847 3.190

For the fifth design ranges, PSO algorithm achie@edvalue equal to target error at the
iteration number of 247. In the first fifty iteratis a sharp descent of error was observed.
After the fiftieth iteration CF value approximatetbre slowly to target error. Fig. 4.5 shows

how CF value (error information) decreases duget@iion number.

Error

100 150 200 250
iteration

Fig. 4.5 CF value vs. iteration number for tied@sign ranges for Case Study-I
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4.1.2.2 Symmetric Output Response: Identical Fall and Ris@imes

Second case study is the PSO based design of a AM@8er having symmetrical output
(Vural et al, 2010c). In order to achieve a syminalynamic response, the CMOS inverter
should be designed in a way that fall tintde §nd rise timetf) should be identical. However
in practice, due to some second order effects,tiatbshias voltages or fabrication faults, a
particular error between rise and fall time valiesaccepted. Our aim was to find design
parameters which minimize the error between detagd ;, t;). Design criteria are dynamic
characteristics of invertett;(t). Output capacitanceC() and MOS transistor dimensions
((W/L), (WIL),) are design parameters. This case involves marsti@nts than the previous
case. The design problem can be specified as fsilow
Minimize
CF = absolute value of; (C., (W/L),) —t; (C., (W/L)))
Subject to
Desired min & t; (C., (W/L), < Desired maxst
Desired min & t; (C, (W/L),) < Desired maxt
Where

Desired min C< C_ < Desired max C

Desired min (W/L¥x (W/L), < Desired max (W/Ly)

Desired min (W/LX(WIL), < Desired max (W/Ly)
Algorithm would also provide design criteria resulising the obtained design parameters
which satisfy desired constraints as given in Tahk Since TSMC 0.25um fabrication
technology parameters have been used, inputs of &§&@ithm were set a¥pp=2.5V,

Vii=0.3655V, | Vip | = 0.5466V 1:Cox= 243.6uA/V 2 andpi,Cox= 51.6uA/N 2,

Table 4.4 PSO Inputs and Outputs for Case Study-II

Components . Input/Output
in CE Information for PSO

Vb » Set by human designer
Vin » Fabrication technology dependent
Vi INPUT
HnCox
HMpCox
C. » PSO would find exact results for the given ranges
(WIL)n
(WIL), OUTPUT
i
t

Initial population matrix size was 10x3. For thisaeple, particle vector information can be
denoted as % [C,, (W/L), r] wherer = (W/L)y/(W/L). Velocity update parametets ¢, and
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w were 2, 2 and 0.99, respectively. The algorithmsréor upper limit of 9999 iterations.
Maximum error value was taken as 0.15ansl in all design experiments, CF results in less

than the target error.

Here, inverter designs having symmetrical outputage with different delay time and design
parameter constraints are carried out using PSOe&ah configuration, specified ranges and
PSO synthesized results are tabulated in TableA&Sseen from this table, PSO obtained

optimum design parameter values which minimize @Fafl examples of design ranges.

Table 4.5 Specified Ranges and PSO SynthesizedtRé&suCase Study-Il

Specified Ranges PSO Results

C|_ tf tr C|_ tf tr

e | W | T g | o9 e [V T g |
1 | 0525 1030]| 207d 0115 0116 095 1.02 .105] 517 5.17
2 | 0515| 1.025]| 20549 o011 o011 047 113 25[03.77 | 3.78
3 | 0515| 1.030]| 207d o011 o011 1147 1.0§ 05[06.18 | 6.19
4 | 1.030]| 1535 2560 0113 o011 143 1.63 15/0554 | 5.54
5 | 1535| 1530]| 2067 0119 o011 254 181 05l07.79 | 7.79
6 | 0320| 1020]| 206d 01806 o018 095 1.0% .005 5.17| 5.18
7 [ 0619 1535 2054 0175 o017b 112 2.83 005 220 220

The initial population of the first design ranges @n example) and the correspondipg:
values at the maximum iteration number is tabulate@able 4.6. For these design ranges,

the final positions of all particles approximatete global best value.

Table 4.6 Evolution of Particles for first desighGase Study-Il

Initial Conditions PSO results (Global Best Value)
C(pF) (W), 1 CL(pF) (WIL)q r

0.2 1.5 4.5 0.9505 1.0191 5.1029
7 27 9 0.9505 1.0190 5.1029
38 7 4 0.9509 1.0189 5.1028
48 17 1 0.9500 1.0190 5.1030
6 24 48 0.9478 1.0193 5.1041
467 62 2 0.9506 1.0190 5.1029
97 22 64 0.9501 1.0192 5.1040
54 12 24 0.9419 1.0194 5.1050
63 14 28 0.9139 1.0209 5.1122
35 342 68 0.9505 1.0190 5.1029

Here, PSO achieved CF value equal to target etrttreaiteration number of 150. In the first
45 iterations, a constant error (4.587) was obthirkhen, a sharp descent of error was
observed. After the 8Diteration, CF value approximated more slowly tqea error. Fig. 4.6

depicts the decrement of CF value (error infornmgtiwith the iteration number.
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Fig. 4.6 CF value vs. iteration number for thetfassign in case study-II

4.1.2.3 Symmetric Output Response & ldentical Propagation Blay Times

Previously, PSO algorithm has successfully estichatgput voltage fall time in case study-I
and has minimized the error between rise and ifakk¢ in case study-1l. Here, error between

rise and fall times and the error between propagatelay timestf., t, 1) were minimized.

In this case, PSO should obtain design parameteichvninimize both the error between fall
and rise timest{ t) and the error between propagation delay timgs,(ro.n) (Vural et al,
2010d). PSO should find design parameters whichmize the error between output voltage
fall and rise times and the error between propagatielay times. Design criteria were
dynamic characteristics of invertet, (t, zpni, ToLn). Output capacitanceC() and MOS
transistor dimensions(M//L), , (W/L)) were design parameters. Design problem can be

summarized as follows:

Minimize
CF = (absolute value ot((C, (W/L),) —t; (C., (W/L))) +
absolute value ofgi. (C, (W/L)) —7pLn (C, (W/L)Y)))
Subject to
Desired ming t; (C, (W/L),) < Desired max;t
Desired min,t< t; (C, (W/L),) < Desired max;t
Desired mirtpHL < TpHL (Ci, (W/L),) < Desired maxn
Desired mirtp.n < TpLn (Co, (W/L)) < Desired maxepH
Where
Desired min €< C_ < Desired max €
Desired min (W/lx (W/L), < Desired max (W/Ly)
Desired min (W/lp)<(WI/L), < Desired max (W/ly)
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Depending on the given problem PSO algorithm waodsult in exact values of design
parameters@., (W/L), (W/L),) which minimize CF values and satisfy specifietstaaints.
PSO would also give exact valuesipt;, 7. andr, , depending on the desired ranges.

For this case, PSO inputs and outputs were the famoase study-1l; howevetyy. andty 4
have been included to outputs of PSO as given ihleT&.4. Fabrication technology
parameters were the same as used in the previsastaly.

Initial population matrix size was 10x3. Partickctor information can be denotedxas [Cy,
(WI/L), (W/L)Y] as in the previous example. Velocity update patansc,, ; andw were 1.7,
1.7 and 0.99, respectively. The algorithm runsupper limit of 500 iterations. Maximum
error value was taken as 0.05 ns and in all exparisy except the eighth design ranges, CF

resulted in less than the target error.

Here, inverter designs having symmetrical outputage with different output voltage delay

time, propagation delay time and design parameaiastcaints were carried out using PSO.
For each configuration, specified ranges and PS@hegized results are tabulated in Table
4.7. As seen from the table, PSO found optimumgtiegarameter values which minimize CF
for nine examples of design ranges; but in thethiglxample, between specified ranges the
best solution that PSO could find was slightly other target error.

Table 4.7 Specified Ranges and PSO SynthesizedtRé&xuCase Study-lll

Specified Ranges PSO Results

Co t t; tomL toLH Co t te | tone | touw

F) | WMo | WP | (ng) | (ms) | (ns) | (ns) | @P) [ W] WDP | (ng) | ns) | (n9) | (ns)
1 0.2-4 1.1-6.1 2.8-19.3 1.1-18 1.1-13 0.5-10 @541 0.749 3.525 17.651 1.1p 1148 055 0p0
2 0.1-5.1 1.6-7.1 1.8-18 1.1-1% 1.1-15 0.5-B 0.5480.403 1.900 9.515 1.1 1.18 035 0.50
3 0.47-2 1.4-6.7 3.2-38 0.5-12 0.5-12 0.2-p 0.2J9 .550 6.131 30.705 0.5 050 043 0.p1
4 0.1-1.1 1.2-7.0 1.5-17. 0.5-5 0.5-p 0.2-4 0.2§40.134 1.492 7.470 0.5 050 0.43 0.p1
5 0.2-1.4 1.9-5.0 2.7-17 0.7-6 0.7- 0.4-% 0.4)5 5102 3.011 15.079 094 09 044 040
6 0.3-3.6 1.3-3.5 3.5-16.] 0.25- 0.2547 0.3-4.5 3-45 0.430 3.070 15.373 0.8 0.18 0.B6 0]33
7 0.2-4.9 1.1-5.8 2.2-25. 0.5-6)6 0.5-46 0.2-1.0.2-7.7 ] 0.430 4.500 22.535 0493 053 0p5 023
8 0.3-2.5 1.7-6 4.8-31 0.9-8.y 0.9-8|7 0.7-39 ®9] 1.620 5.448 27.279 16 1.5 0.7 0]J70
9 0.2-3.5 0.3-7.6 1.3-39 0.3-6p 0.3-6/6 0.1-44 1-D4 | 0.423 7.327 36.691 0.32 032 0.5 0J14
1 0.1-3.9 0.4-8 0.6-40 0.2-¢ 0.2-9 0.1-5|5 0.1-§.9.314 7.385 36.983 024 024 011 0.LO

The initial population of the fifth design rangess (an example) and the correspondipg:
values at the end of the maximum iteration numbegiven in Table 4.8. For these design
ranges, the final positions of all particles gatasyund to the global best value. For the fifth
design ranges, PSO algorithm achieved CF valuer(@rformation) equal to target error at
the iteration number of 300. During first hundrédrations a sharp descent of error was
observed in patches. After the hundredth iteratl©oR, value approximated more slowly to
target error. Fig. 4.7 shows how CF value decredsedo iteration number.
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Table 4.8 Initial and Final Positions of Particles 5" design of Case Study-III

Initial Population PSO Results (pestvalues)

CupF) WL)n W), | C(PF) (WIL)n  (WIL)p
1.7 55 9.5 0,512 3,011 15,079
72 2.7 1.9 0,512 3,011 15,079
3 33 14 0,512 3,011 15,079
5.98 0.17 11 0,513 3,017 15,107
16 24 48 0,512 3,011 15,079
743 8.4 1.2 0,512 3,011 15,079
25 17 70 0,512 3,011 15,079
54 12 24 0,512 3,011 15,079
6.3 14 2.8 0,512 3,011 15,079
35 2.2 68 0,512 3,011 15,079

150 200 250 300
Iteration

Fig. 4.7 CF value vs. iteration number for the &g#sign in case study-lI

4.1.3 Validation of PSO results with SPICE simulation

Using PSO results of output capacitance value aadsistor dimensions, inverters were
redesigned in SPICE simulator for each case, ceriagl PSO results as SPICE inputs and
obtained SPICE results were tabulated in Table 4@ble 4.10 and Table 4.11,

respectively.(Vural et al. , 2010c; 2010d)

The difference between SPICE results and PSO-bdesgidn results arise from the fact that
SPICE computes using more complex circuit equatsats than used in theoretical
calculations. PSO uses delay expressions which deneed using simple current-voltage
relationships originally developed for long-chantinsistors. These current expressions
based on the gradual channel approximation cdrbstiised for sub-micron MOS transistors
with proper parameter adjustments; therefore delalysis used here remains largely valid
for small-geometry devices as well. Yet it shoutdrmted that the current driving capability
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of sub-micron transistors is significantly redu@la result of channel velocity saturation; a
small-geometry transistor can not be expected t@ lthe same maximum charge/discharge
current as a long-channel transistor with the séid.) ratio (Kang and Leblebici, 2005)

Thus, SPICE results in greater delay times compar&50-based inverter design.

Table 4.9 SPICE Results vs. PSO Results for Case-l

SPICE inputs SPICE PSO

results results

C. (pF)  (WL) (t-ns) (t-ns)
1 0.925 2.888 4.846 1.777
2 0.861 1.352 8.016 3.536
3 3.322 4.745 10.128 3.885
4 3.379 4.052 11.677 4.627
5 0.991 1.962 6.846 2.805
6 1.395 2.847 7.103 2.719
7 0.638 4.274 2.339 0.828
8 1.305 2.349 7.824 3.083
9 0.947 2.591 5.257 2.028
10 1.653 2.473 9.487 3.709

Table 4.10 SPICE Results vs. PSO Results for Qase-I

, SPICE PSO
SPICE inputs results results
C. t b i k
(oF) WL, (WD), (ns) (ns) (ns)  (ns)

0.95 1.02 5.2 10.94 8.58; 5.17 5.17
0.77 1.13 5.67 8.32 6.58] 3.77 3.78
1.17 1.05 5.25 12.95 9.99 6.18 6.19
1.63 1.63 8.17 13.59 9.32 5.54 5.54
2.54 1.81 9.06 19.27 12.87 7.79 7.79
0.95 1.02 5.10 10.944 8.58 5.17 5.18
1.12 2.83 14.16 6.09 4.09 2.20 2.20

N[O~ W|IN|F

Table 4.11 SPICE Results vs. PSO Results for Aase-|

SPICE inputs SPICE results PSO results

C. t t t t t t t t

F) Wn W | g ) (9 (s) | (ms)  (ns)  (ns)  (n9)
1 0.749 3.525 17.651: 3.32 1.91 1.75 0.89; 1.18 1.18 0.55 0.50
2 0.403 1.900 9.515 | 2.97 2.01 1.58 0.87{ 1.18 1.18 0.55 0.50
3 0.550 6.131 30.705¢ 1.50 0.82 0.79 0.39! 0.50 0.50 0.23 0.21
4 0.134 1.492 7470 1 1.22 0.89 0.64 0.38; 0.50 0.50 0.23 0.21
5 0.512 3.011 15.079! 2.69 1.64 1.37 0.73! 0.94 0.94 0.44 0.40
6 0.430 3.070 15.373} 2.14 1.43 1.14 0.60; 0.78 0.78 0.36 0.33
7 0.430 4.500 22535 1.53 0.89 0.82 0.42 0.53 0.53 0.25 0.23
8 1.620 5.448 27.279% 4.73 2.78 2.52 1.27; 1.65 1.65 0.77 0.70
9 0.423 7.327 36.691; 0.98 0.60 0.53 0.26; 0.32 0.32 0.15 0.14
10 0.314 7.385 36.983} 0.81 0.45 0.40 0.19; 0.24 0.24 0.11 0.10
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4.2 Particle Swarm Optimization for Analog Integrated Circuit Design

Analog integrated circuit (IC) design in generalpierceived as less systematic and more
heuristic and knowledge-intensive in nature thagitali IC design. The variety of circuit
schematics and the number of conflicting requireimand corresponding diversity of device
sizes are also much larger. In addition analogudscare more sensitive to nonidealities and

all kinds of higher order effects and parasitidutisances (Gielen and Rutenbar, 2000).

The problem considered here is the optimal seleaifdransistor dimensions, which is only a
part of a complete analog circuit CAD tool. Othartg which are beyond the scope of this
work are the topology selection (Maulik et al., 2p@nd actual circuit layout (Harvey et al.,
1992). The optimal component selection and tramsisizing of the CAD process remains
between these two tasks (Medeiro et al., 1994)udllst, analog sizing is a constructive
procedure that aims at mapping the circuit speatifimis (objectives and constraints on
performances) into the design parameter valueshfgkk et al., 2009). In other words, the
performance metrics of the circuit, such as gainygr dissipation, occupied area, etc. have to
be formulated in terms of the design parameterdufiy and Balkir, 2004). Then, these
design parameters such as device sizes and bissntushould be adjusted under multiple
design objectives and constraints. The many degrefeeedom in parameter space as well as
the need for repeated circuit performance evaloatiade this a lengthy and tedious process
(Koh et al., 1990). Here, particular specificatidns specified topologies of a differential
amplifier and an operational amplifier are aimedoto met by adjusting design parameters

such as device sizes and bias currents with PSaithign.

4.2.1 Analog Integrated Circuit Structures

The most often used analog building block is theraponal amplifier (op-amp). It is at the
heart of many interface circuits in particular DAGDC and filters. An efficient design of
optimal op-amp is thus a cornerstone of a designr@mment for many applications.
Differential amplifier serves as the input stageopfamps. The objective of a differential
amplifier is to multiply the difference between twguts by some constant factor regardless

of the average of the inputs.
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4.2.1.1 Differential Amplifier Structure

The differential amplifier is one of the most vdiigacircuits in analog circuit design. It is
also very compatible with IC technology and seraeghe input stage to most op-amps. The
configuration considered in this study is a diffaral amplifier with a current mirror load
which is provided in Fig.4.8. The design speciiimas and also general characteristics for a

differential amplifier (and also for op-amp) aratst below (Allen and Holberg, 2002).

Vpp
limﬁ‘ |——| M4 'if” lBlas
- +————oVoUT <¢>
liDl ipo  _TCL
v —
vt o ’1
ST
| | Jia
Viss

Fig. 4.8 Differential Amplifier with Current MirroLoad (Allen and Holberg, 2002)

e Common Mode Rejection Rat{€MRR) Fig. 4.9(a) depicts a schematic model for a

differential amplifier (this symbol will also be ed for op amp).

+
+
Yout
o O -
T T ©
(a) (b)

Fig. 4.9(a) Symbol for a differential amplifier (Blustration of the differential mode,, and
common modeyc, input voltages (Allen and Holberg, 2002)



69

Voltagesvi, v, andv,,; are called single ended voltages which mean tieat are defined with
respect to the ground. The differential-mode inpaltagevp of the differential amplifier is
defined as the difference betwegn and v, (4.6). This voltage is defined between two
terminals, neither of which is ground. The commoode voltageyc is defined as the average

value ofv; andv; (4.7).

Vo =M~V (4.6)

(4.7)

v1:\/,c+v'?'3 (4.8)
v

V, =V, ——2 4.9

2 IC 2 ( )

The output voltage of the differential amplifieragpressed in terms of its differential-mode
and common-mode input voltages as in (4.10).

V, + V.
Vou = ApVio £ AcVic = A\?D( Y- Y) * 'ec(szj (4.10)
where Ayp is the differential-mode gain arfl,c is the common-mode voltage gain. The +

sign preceding the common-mode voltage gain imphasthe polarity of this voltage gain is

not known beforehand.

The objective of a differential amplifier is to niply the difference between two different
potentials regardless of the common-mode value.sTaudifferential amplifier can be
characterized by itcommon-mode rejection ratigCMRR) which is the ratio of the
magnitude of the differential gain to the commonea@@ain. An ideal differential amplifier
will have a zero value d&,c and therefore an infinite CMRR.

e Input Offset Voltage (49: Another characteristic affecting the performande tloe

differential amplifier is the offset voltage. IdBalwhen input terminals of a differential

amplifier are connected together, the output veltegat a desired quiescent point. In a real
differential amplifier, the output offset voltage the difference between the actual output
voltage and the ideal output voltage when the inprrinals are connected together. If this

offset voltage is divided by the differential vatagain of the differential amplifier then it is
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called thanput offset voltagéVos). Typically, the input offset voltage of a CMOSfdrential
amplifier is 5-20 mV.

e Slew Rate (SR)The slew rate performance of a CMOS differeraialplifier depends on

the value ofiss (Iss=l ps from Fig. 4.8) and the capacitance from the outmde to the AC
ground.SRis determined by the amount of current that cascagced or sunk into the output
capacitor and its expression is given in (4.11)

SR= L/ C, (4.11)

e Power Dissipation (Rs9: The quiescent power dissipation of the differ@néimplifier is
described in (4.12).

I:aiss = (VDD +|VSEl)( l bias+ l SE (2')1

e Small Signal Characteristics (& ».3qg ): The small signal analysis of the differential

amplifier of Fig.4.8 (without M6 andki,) can be accomplished with the assistance of the
model (ignoring body effect and intrinsic capacties) shown in Fig. 4.10 (a). This model
can be simplified to that shown in Fig. 4.10 (b)Jdas only appropriate for differential
analysis when both sides of the amplifier are agslto be perfectly matched. Despite the
fact that the current mirror causes this assumgbdre invalid because the drain loads of M1
and M2 are not matched this assumption is stiltval (Allen and Holberg, 2002).

D1=G3=D3=G4 Tgs1 I3s2

;1 72 S1=82 M DI=D.
(zl _H_rld_(g— ZmlVgsl Zm2Vgs2 r — L ]
+ + + N + AN +
1 - N
Vel Va2 Gm3§ § Vasd Iﬂsig g Vout
= T Ids4
ds3 ZmdVasd
Lo — — — ~ o
S3 S4
(a)
D1=G3=D3=G4

Gl, @ D2=D4
ot :

Zm1Vgsl Zm?Vgs2 Tas2 Em4Vgs4

2zzw =2 O=d = -

T § T'dsq
ds3 Tge1

S1=S82=53=54
(L]

Fig. 4.10 Small signal model for the CMOS differahaamplifier (a) Exact model
(b) Simplified equivalent model.
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The point where two sources of M1 and M2 are cotatecan be considered to be at AC
ground. If the differential stage is assumed taibwaded, then with the output is shorted to

AC ground, the differential-transconductance gain be expressed as in (4.13)

Or2 Ima (g I 7o)
V. — \Vi 4.13
1+ g (rag Il Feg) b ™ the Yoo ( )

lout =~ FmaVgar ~ Ve =

If gm3a (ras1 || rasd >> 1, Gn3 = Gna, and @1 = Gn2 = Gna, then (4.14) or (4.15) will be valid.

o ® OrVos = OreVge=™ OmdVes ™ Vo) = O (4.14)
y K WI .
lout ® OmdVia = Tssvid ’ Kn,p = Hy, pCox 18)

The unloaded differential voltage gain can be daeteed by finding the small-signal output

resistance of the differential amplifier. From FHgl0 (b)rou.:can be obtained as in (4.16)

Fout - (4.16)
gdsZ + gds4

Therefore, the voltage gain is given as the prodiigt,q andrqy: as in (4.17)
y (KIW/ L2 2 (kw)"

A/ — _out _ gmd — Kl Sy\é. I'1 — ( 1 l] (417)
Vid gdsZ + gdSA (12 + 24)( Iss/ 2) (2’2+ 14) I sL‘l

Cut-off frequency is the frequency at which thengdriops 3 dB below the open loop gain and

expressed in terms of,;:andC, as given in (4.18)

(4.18)

1
W 348 =

B ruCL

out

Unity gain bandwidthd)is defined as the frequency at whiél{j{o;)|=1 whereH represents
the transfer function. The phase margin (PM) isngef in terms of the phase of the transfer

function at the unity-gain bandwidth as in (4.19)

PM=7-ZH(jw,) (4.19)

A phase margin constraint specifies a lower boumthe phase margin typically betweer? 30
and 60.
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¢ Input Common Mode Range (ICMREMR specifies over what range of common-mode

voltages the differential amplifier continues tonse amplify the difference signal with the
same gain. The way that the ICMR is found is to\ggto zero and vary/c until one of the
transistors in the differential amplifier is no ter saturated. The highest common-mode
range can be obtained by following two paths fddmto Vpp. The path with a smaller value
of Vic max) Will be selected from a worst-case viewpoint aadjiven in (4.20). The lowest

input voltage at the gate of M1 or M2 is found a$4.21)

Vic (max)=Vop-VsestVine (4.20)

Vic min) =Vsst Vbss saytVest Vsst Vbss saytVes?2 (4.21)

e Power Supply Rejection Ratio (PSRRPSRRis a measure of how well a circuit rejects

ripple coming from the input power supply at vagdtequencies and is very critical in many
RF and wireless applications. For amplifiers witittbpositive and negative power supplies
(with respect to earth), the PSRR for each suppmitage may be separately specified
(sometimes written: PSRR+ and PSRR-), but norméiey PSRR is tested with opposite
polarity signals applied to both supply rails a game time [6].

+
N =Vop
— "DD P r
T N Vout = Vos
>—o Vos L
—{hj + Vout L= Load _+\f,T
r =7 = V58
=~ Vin =Vss i
fa) (b)

Fig. 4.11 Configurations for simulating design speations for (a) Gain and Phase Margin
(b) Offset voltage (c) CMRR (d) ICMR (e) PSRR (fi#put voltage swing
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4.2.1.2 Two Stage Operational Amplifier Structure

The specific two stage CMOS op-amp considered is skudy is given in Fig.4.12. The
circuit consists of an input differential stage wictive load followed by a common-source
stage also with active load. An output buffer i$ nsed; this amplifier is assumed to be part
of a very large scale integration (VLSI) system @&adnly required to drive a fixed on-chip
capacitive load of a few picofarads (Hershensoal,e2001; Allen and Holberg, 2002). This
op-amp architecture has many advantages: high lgegnvoltage gain, rail-to-rail output
swing, large common-mode input range, only oneueagy compensation capacitance, and a
small number of transistors. However its main draskbis the nhondominant pole formed by
the load capacitance and the output impedance efsdtond stage which reduces the
achievable bandwidth (Hershenson et al, 2001).

Vpp
...
hl‘ab j I__l t 4| [ M6
G M3 M4 C,
) I * O Vout
- o—] [: M1 h-I‘_»":l — —=C;
Vin

Mg | 'R N M7

Vss
Fig.4.12 Two-stage Operational Amplifier (Allen aHdlberg, 2002)

Operational amplifiers are generally used in a tegdeedback configuration. In this way,
the relatively high, inaccurate forward gain canused with feedback to achieve a very high
accurate transfer function that is a function @& thedback elements only. Ideally, the phase
characteristic of an amplifier's frequency respomsmild be constant; however, device
limitations make this goal physically unattainatéore particularly, capacitances within the

gain stages of an amplifier cause the output sigm#g behind the input signal by 90° for
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each pole they create. If the sum of these phaserémches 360°, the output signal will be in
phase with the input signal. Feeding back any pordf this output signal to the input when
the gain of the amplifier is sufficient will cautee amplifier to oscillate. This is because the
feedback signal will reinforce the input signal.aths, the feedback is then positive rather
than negative. Frequency compensation is implerdetdeavoid this result. In Fig.4.12,
Miller compensation technique is utilized by corimeg a capacitance (Cfrom the output to

the input of the second transconductance stage.

4.2.2 Design Procedure for Analog Integrated Circuits

In this subsection, design steps and design edusatitilized for cost functions of Particle
Swarm Optimization based analog integrated cirdg@sign are explained. These design
equations will be considered for obtaining MOS dusiens (as in Fig.4.8 and Fig.4.12) and

moreover minimizing the total MOS transistor area.

4.2.2.1 Design Procedure for Differential Amplifier

Design constraints of small-signal differential tagle gain A,), cut-off frequencyf(zyg),
maximum and minimum input common mode voltagésfax), Vicmin), slew rate $R power
dissipation Pgis9 and design parameters of output capacita@Gceand MOS device sizes are

provided within limits. Design procedure is givesldow:

e Determine range df;s (Is9 to satisfy the slew rat&R and power dissipationPfss).

lamir<! as<! dmax (4.22)
where

lama=Pdisd (Voot+|Vsd); (4.23)
|y = max(Squ ( 2((2+4p) X 1 2 figg q))))) (4.24)

e DesignWi/L; (Wo/Ly) to satisfyA, from (4.17)
e DesignWs/L3 (W4/L4) to satisfy the upper ICMR as from (4.20)
e DesignWs/Ls (Ws/Le) to satisfy the lower ICMR as from (4.21)

¢ Obtain exact values of design parameters and eté@raecessary
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4.2.2.2 Design Procedure for Two-Stage Operational Amplifie

Here, design constraints of small-signal differaintioltage gain4,), unity gain bandwidth
(f), maximum and minimum input common mode Voltagéghax), Vicmin), slew rate $R
power dissipationHgs9 and design parameters of output capacita@¢e gdnd MOS device

sizes are provided within limits. Design procedisrgiven below:

e Choose minimum value for the compensation capa€itoPlacing the loading pola 2.2
times higher than th&, permitted a 60phase margin, assuming that the right half plane
(RHP) zeraz1 is placed at or beyond ten timie@Allen and Holberg,2002).

Ce > (2.2/10)G (4.25)

e Determinelys (Is9 to satisfy the slew rat&B

14s=C¢*SR (4.26)

e DesignWi/L; (Wo/Ly) using the transconductance of the differentiplirstage

2

g

IL)=(W,/ L)=—= 4.27
W/ L) =W,/ L) 2K, (4.27)
where
O = 27 f.C, (4.28)

e DesignWs/L3 (W4/L4) to satisfy the upper ICMR as from (4.20)
e DesignWs/Ls (Ws/Lg) to satisfy the lower ICMR as from (4.21)

e DesignWs/Ls assuming balanced conditions

W, / L) = (W,/ L,o% (4.29)
where

0.c 2109, (assuming zerat is placed beyond ten timégAllen and Holberg, 2002)) (4.30)

Oma = \/ZK;(\N4/ L4) |d4 (4.32)
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e Calculatel 46 which will most likely determine the majority of@tpower dissipation.

| o Om (4.32)
2Ke W / L)

e DesignW;/L; to achieve the desired current ratios betwigeandl ye
I

(VV7 / L7) = (\Ns/ LS)I_G 4.33)
5

e Check gain and power dissipation specifications

— ngZ gmG
N Tl Akt 1) “
Pdiss = (I bias+ l & +1 (B)N DD+ |V ssl) (435)

¢ Obtain exact values of design parameters and eté@raecessary

4.2.3 Simulation Results of PSO Based Analog IntegratedifCuit Design

In order to investigate the usage of PSO in analtegyrated circuit design, optimal design of
two basic analog circuit structures studies areiez@rout. The aim of both cases is to
minimize total IC area while satisfying design ernia and design parameter constraints. In
each case study, by establishing design criterthdesign parameters to PSO, the optimal
circuit structure was aimed to be designed by tlgoréhm. Design problem has been

introduced to PSO algorithm by composing an equatansists of input variables and design
parameters as a cost function (CF). In the beggointhe algorithm a certain range was
determined for both design criteria and designmatars by human designer. Input variables
were also determined by the human designer andndepé to preferential technology

parameters. PSO should minimize the given CF andirolbdesign criteria and design

parameter values for the given range which givesmum CF value.

4.2.3.1 Simulation Results of PSO based Differential Amplier Design

The starting point of design consists of two typésnformation. First type of information
such as the technology and the power supply isbgethe designer. The other type of
information is the design criteria. The range otheariteria and design parameter, power
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supply values and technology information is seamasnput to PSO algorithm (Table 4.12)
and PSO algorithm should obtain the solution sat ttonsists the exact values of design
parameters@, (W/L) ¢ and design criteriaf§ge, Vicimax), Vicminy SR, Riss A) for given
ranges. The design is implemented with the ralatigps that describe design specifications
to solve for DC currents and¥/L values of all MOS transistors. The appropriatatrehships

were provided in the previous subsections.

Table 4.12 Inputs and Outputs for PSO based DiftexeAmplifier Design

Components Information Input/Output
in CF for PSO

Vob, Vss » Set by human designer
Vin, Vip » Fabrication technology dependent INPUT
p—nCOXa p-pcox
Jns Ap
C. > PSO would find exact results for the
(W/L). 6 given ranges
f.3d8
Vic(max), Vicmin) OUTPUT
SR
I:)diss
A

PSO is utlized for a differential amplifier withugent mirror load having design
specifications oBR>10V/us (€=5pF), f_3qs > 100 kHz (C€=5pF), A, > 100 V/V, Riss<ImW,
-1.5\< ICMR<2V with inputs of Vpp= -Vss2.5V, U= 0.7V, = -0.7V, K,= 110uAN,

K p= 50pA/N, 1,=0.04 V', 2,=0.05 V* (Allen and Holberg, 2002). Constraints for design
parameters are set @>=5pF, 100>(W/L).. 3. In order to minimizeéhe channel modulation

effect, MOSFET length values are chosenLas=3.5 pm and k. &=1.4 pum.

Initial population matrix size was 10x7 where rowmber of 10 indicates the number of
particles in the population and column number o the dimension of particle vector which
is expressed as in (4.36) wh&Ris the slew rate (V/umy;, is the output capacitance (pF)
A, is the gain (V/V)[fsgs is the cut-off frequency (kHzRqiss is the power dissipation (LW),
Viemin@NdVicmax (V) are the lower and upper limits of ICMR, respeely

X= [SR, Riss Ci, f3d8, Ay Vicmin Vicmad (4.36)

Velocity update parametecs, ¢; andw were 1.7, 1.7 and 0.99, respectively. The algorith
runs for upper limit of 750 iterations. CF is defthas the total area that MOS transistors

occupy and given in (4.37)
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CF =Y WXLy ) (4.37)

whereT is the total number of MOS transistors in diffar@hamplifier design.

PSO based differential amplifier with current mirdoad design results are provided in

Fig.4.13. Exact values of design parameters oldamoen PSO based design are given below:

(W1/L1)=(W2/L2)=6.7294(um/um)
(W3/L3)=(W4/L4)=1.6492(Lm/um)
(W5/L5)=(W6/L6)=1.7327(um/um)
C.=5 .23pF
Ibias= 73 HA

Target value of CF is aimed to be smaller 65°uftotal MOS transistor area of 63.5016
unt with each (W/L) ratio anthi.sis obtained within 629 epochs. Those results anepeaved
with classical method (Allen and Holberg, 2002 able 4.13.

J} MATLAB 7.6.0 (R2008a)
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Fig. 4.13 PSO Based Differential Amplifier with Cent Mirror Load Design Results-I



79

Table 4.13 Comparison of classical method and P&@dmethod by means of design

specifications
Differential Amplifier with Classical _
Current Mirror Load Spec . PSO based design
Design Criteria design
Output Capacitance (pF) >5 5 5.23
Slew Rate (V/us) > 10 10 10.0554
Power Dissipation (LW) < 1000 1000 996
Cut-off Frequency (kHz) >100 100 100.1896
Gain (dB) > 40 43.39 41
Vicmin (V) >-1.5 -1.5 -1.2455
Vicmax(V) <2 2 1.8347
Total Area (m?) <6.5x10" - 6.35x10"
Table 4.14 Comparison of classical method and P&@dmethod by means of design
parameters
Differential A_mplifier with Classical _
Current Mirror Load . PSO based design
Design Parameters design
Ibias(LA) 100 73
W1/L1 (um/pm) 40 6.7294
W2/L2 (um/pum) 40 6.7294
W3/L3 (um/pum) 8 1.6492
W4/L4 (um/pm) 8 1.6492
WS5/L5 (um/pm) 82 1.7327
W6/L6 (um/um) 82 1.7327
CL(pF) 5 5.23

PSO based design minimizes the total MOS transestea when compared with classical
design results providing that design constraingssatisfied. Since the technology parameters
are taken from (Allen and Holberg, 2002) for a tagenparison; it is not clear whether the
design method will work using manufactured techgglparameters yet. Therefore same
circuit analog structure is redesigned using TSM8Qum model parameters [5]. Design

results are shown in Fig.4.14.
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Fig. 4.14 PSO Based Differential Amplifier with @eint Mirror Load Design Results-II

Target value of CF is aimed to be smaller than B66. A total MOS transistor area of 296
unt with each MOSFET widthVh p), Ibias andCy is obtained within 582 epochs in 25.02 s.

Exact design criteria values are obtained as gloést (hes) particle vector given below.
Obes=[12.257 1000 5 101 100.05 -1.49 1.91] (4.38)

where vector elements aBR(V/US), Paiss(MW), C (PF), f 308 (kHZ), Ay (V/V) Vigminy (V) and
Vieimax) (V) values obtained by PSO-based method respégtive

Channel lengths were set las /~=3.5um and Ls_=1.4um. Exact values of design parameters

obtained from PSO based design are given below:

W1=W2=29.3628m
W3=W4=11.295m
W5=W6=4.2198m
C.=5 pF

| bias= 7 SUA

Differential amplifier with current mirror load isedesigned using the resulting design
parameters in SPICE simulator in order to validhte exact values of design specifications
obtained with PSO. Spec results obtained after ERIi@ulations are not coherent with PSO
based design results depending on the differenceafit equation sets utilized in SPICE and
theoretical calculations. Current driving capapildf sub-micron transistors is significantly
reduced as a result of channel velocity saturateorsmall-geometry transistor cannot be
expected to have the same maximum charge/discltangent as a long-channel transistor
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with the same (W/L) ratio (Kang and Leblebici, 2D0%erefore, in order to make PSO-based
design more feasibldyiss is increased from 75 pA to 125 pA while saving MG@es
obtained with PSO-based design. Resulting SPICHlaton graphs are provided from Fig.
4.15 to Fig. 4.22.

Design specifications for differential amplifier twi current mirror load, DARWIN
synthesizer (Kruiskamp and Leenaerts, 1995) resuits SPICE simulations results of PSO

based design with bias current improvement arelagduli in first, second and third column of

Table 4.14, respectively.
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Fig. 4.16 Phase margin of PSO based Differentiapirar with Current Mirror Load
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Table 4.15 depicts the design parameters obtainddnweach method. Consequently, the

synthesized differential amplifier with current noir load meets all specifications according

to the estimations of PSO-based design with biasectimprovement. PSO-based design

also minimizes the total MOS area with respectite DARWIN tool (Kruiskamp and

Leenaerts, 1995).

Table 4.15 Comparison of DARWIN and PSO with biagent improvement by means of

design specs

Differential Amplifier with PSO with bias
Current Mirror Load Spec DARWIN current improvement
Design Criteria (SPICE)
Output Capacitance (pF) >5 2 5
Slew Rate (V/us) > 10 3.2 23.76
Power Dissipation (UW) < 2000 31 1260
Phase Margin®} >45 72 84
Cut-off Frequency (kHz) >100 7.17 108.22
Gain (dB) > 40 60 42
Vicmin (V) >-1.5 -1.3 -1
Vicmax(V) <2 1.9 1.4
CMRR (dB) > 40 100 84
PSRR (dB) >40 78 41
PSRR(dB) >40 136 68
Vos (MV) <50 41 45.91
Output Resistance (¥ >200 10000 334
Total Area (m?) <3x10*®  65x10™ 2.96x10%°

Table 4.16 Comparison of DARWIN and PSO with biagent improvement by means of
design parameters

Differential Amplifier with

Current Mirror Load DARWIN PSO. with bias
Design Parameters current improvement
Iias (MA) 2 125
W1/L1, W2/L2 (u/p) 240/13.2 29.3629/3.5
W3/L3, W4/L4 (u/p) 7.3/7.7 11.2955/3.5
WS5/L5 (u/u) 4.6/2.4 4.2198/1.4
WG6/L6 (u/u) 2.4/2.4 4,2198/1.4
C. (pF) 2 5
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4.2.3.2 Simulation Results of PSO based Two-Stage OperatiahAmplifier Design

The starting point of design consists of two typésnformation. First type of information
such as the technology and the power supply isbgethe designer. The other type of
information is the design criteria. The range ofheariteria and design parameter, power
supply values and technology information is seamasnput to PSO algorithm (Table 4.17)
and PSO algorithm should obtain the solution sat ttonsists the exact values of design
parameters.,, C, (W/L)y. g and design criteriafi( Vicmax), Vicminy SR, Riss A) for given
ranges. The design is implemented with the ralatigps that describe design specifications
to solve for DC currents andy/L values of all MOS transistors. The appropriatatrehships
were provided in the previous subsections. Simuiatiare performed with TSMC 0.35 pm

technology parameters.

Table 4.17 PSO Inputs and Outputs for PSO basedstage Operational Amplifier

Components Information Input/Output
in CF for PSO

Vob, Vss » Set by human designer
Vin, Vip » Fabrication technology dependent
HCox MpCox
Jns Ap
C.,,G » PSO would find exact results for the
(W/L). g given ranges
fi
Vic(max), Vic(min) OUTPUT
SR
Pdiss
A,

INPUT

PSO is utilized for a two-stage operational amglifhaving design specifications of
SR>10V/us (G=10pF), £3MHz (C_.=10pF), A>1000 V/V, -1.5\K ICMR<2V, Pyss<2.5mW
with PSO inputs of ¥p= -Vss=2.5V, Vin= 0.4761V, = -0.6513V, K= 181.2uAN, K ;=
65.8UAN, A,=0.04 V*, 1,=0.05 V1. Constraints for design parameters are set as1D pF,
100>(W/L)1.¢>2. In order to minimize the channel modulation eff@1OSFET length values

are chosen ds; g&=2 um

Initial population matrix size was 10x7 where rowmrber of 10 indicates the number of
particles in the population and column number ois #the dimension of particle vector.
Particle vector structure is expressed in (4.39n@BRis the slew rate (V/um)X, is the
output capacitance (pF, is the gain (V/V)f; is the unity gain bandwidth (MHzPgiss is the
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power dissipation (MWW )Vicmin (V) andVicmax (V) are the lower and upper limits of ICMR,

respectively.

X= [SR, G, A, T, Viemine Viemax Pdiss]

(4.39)

Velocity update parametecs, ¢, andw were 1.7, 1.7 and 0.99, respectively. The algorith

runs for upper limit of 100 iterations. CF is defthas the total area that MOS transistors

occupy and given in (4.37).

PSO based two-stage operational amplifier designlte are provided in Fig. 4.23. Target

value of CF is aimed to be smaller than 30FPSO-based design method resulted in a total

MOS transistor area of 235.8373 fualong with exact values of design specificatiom an

design parameters\k,p), Ivias Cc, Cp). Design process concluded after 100 epochs with a

total execution time of 8.6 s.

Obes=[13.4653 10 39682 5.531 -0.726 1.699 2318]
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Fig. 4.23 PSO Based Two-stage Operational Amplifiesign Results
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Channel lengths were setlasg=2 um Exact values of design parameters obtained fr6@ P

based design are given below:

W1=W2=4.8926 pm

W3=W4=5.8713 um

W5=W8=2.0968 pm

W6=90.9557 um

W7=16.2417 pm

C.=10 pF

C=3 pF

lhias=40.39 HA

Two-stage operational amplifier is redesigned gisine resulting design parameters in SPICE

simulator in order to validate the exact valuesdes$ign specifications obtained with PSO.
Spec results obtained after SPICE simulations &y ¢oherent with PSO based design
results except gain value. This is mostly due ®riore complex channel modulation effect
equations in SPICE simulations which have beenadisd in theoretical calculations.

Nevertheless, PSO-based design is satisfying aljdespecifications, which is demonstrated
from Fig. 4.24 to Fig. 4.31.

Design specifications for two-stage operational lrep convex optimization (Hershenson,
2001) results, theoretical calculation and SPIG&usations results of PSO based design are

tabulated in first, second, third and fourth coluaiTable 4.18, respectively.

1.0KHz

Frequency

Fig.4.24 Frequency response of B&§&ed Two-stage Operational Amplifier
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Table 4.18 Comparison of Convex Optimization an@P&sed design method by means of
design specifications

Two-sfrg:]epl(i?i;;?ratlonal Spec Convex PSO PSO
Design Criteria Optimization  (Theoretical) (SPICE)
Output Capacitance (pF) >10 3 10 10
Slew Rate (V/us) > 10 88 13.465 11.15
Power Dissipation (UW) < 2500 5000 2320 2370
Phase Margin®} >45 60 - 66.45
Unity Gain Bandwidth >3 36 5531 53541
(MHz)
Gain (dB) > 60 89.2 91 63.5
Vicmin (V) >-1.5 - -0.726 -0.8
Vicmax(V) <2 - 1.699 1.75
CMRR (dB) > 60 92.5 - 83.74
PSRK (dB) >70 116 . 78.36
PSRR(dB) >70 98.4 - 93.56
Output Resistance (¥ >200 - - 751
Total Area (m?) <3x10*°  82x10% 2.65x10% 2.65x10'

Table 4.19 depicts the design parameters obtaindgdnweach method. Consequently, the
synthesized operational amplifier with current mmirtoad meets all specifications according
to the estimations of PSO-based design. PSO-bassegndalso minimizes the total MOS area

with respect to the convex optimization.
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Table 4.19 Comparison of Convex Optimization an@P@sed design method by means of
design parameters

Two-Stage Operational Convex

Amplifier L PSO-based method
Design Parameters Optimization
Ibias(LA) 10 40.39
W1/L1, W2/L2 (um/pum) 232.8/0.8 4.8926/2
W3/L3, W4/L4 (um/um) 143.6/0.8 5.8713/2
W5/L5 (um/pm) 64.6/0.8 2.0968/2
W6/L6 (um/pm) 588.8/0.8 90.9557/2
W7/L7 (um/pm) 132.6/0.8 16.2417/2
W8/L8 (um/pum) 2/0.8 2.0968/2
Ci(pF) 3 10
Cc (pF) 3.5 3
4.3 Summary

Particle swarm optimization has been utilized fothbdigital and analog integrated circuit
design cases. In order to investigate PSO perfacendor digital circuit design, switching
characterization of an inverter is considered ameet different design cases concerning
transient characteristics were carried out. FIP®0 algorithm was configured in order to
estimate output voltage fall time depending on tesign parameters and fabrication
technology parameters. 10 different ranges of dep@yameters and design criterion were
specified for PSO algorithm. Synthesized resultsreweompatible with theoretical
calculations. Second case deals with an invedsigd having a symmetrical output voltage.
For this purpose, error between fall time and tisee of output voltage was minimized by
PSO algorithm for 7 inverter design having différeanges for design parameters and design
criteria. Differences of fall and rise times of aiaf the examples were below specified target
error. For the all specified ranges, PSO algoritbond a minimum error value smaller than
the specified errofThe last case was the most complicated among HerstA symmetrical
output voltage was also of concern along with theimmzation of propagation delay times.
CF, namely error, was defined by the sum of diffieezbetween output voltage delay times
and propagation delay times. Synthesized resulmwat that PSO obtained design
parameters and design criterion values in compatilith specified ranges. CF of nine of the
design examples was below the target error andfsgketanges of the remaining example did
not allow PSO to find a minimum CF smaller than theget error. This example was
investigated on purpose, in order to state the mapae of range selection.
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For the first design case, it was assumed that PRIQISNMOS dimension ratios were equal.
Considering following examples, different dimensi@tios of PMOS and NMOS has been
obtained by PSO and synthesized results showedsyhametrical delay times could not be
obtained with a dimension ratio of PMOS to NMOS Benathan five. Decreasing PMOS

dimension leads to a smaller area on chip layoutMouse symmetry at the output voltage.

For comparison, using PSO results of output capacé value and MOSFET dimensions,
inverters were redesigned in SPICE environmenteeh case, considering PSO results as
SPICE inputs. The difference between SPICE reaniisPSO-based design results arise from
the fact that SPICE computes using more compleguitirequation sets than used in
theoretical calculations. PSO uses delay expressitich were derived using simple current-
voltage relationships originally developed for lecigannel transistors. These current
expressions based on the gradual channel approgimean still be used for sub-micron
MOS transistors with proper parameter adjustmetitsrefore delay analysis used here
remains largely valid for small-geometry deviceswadl. Yet it should be noted that the
current driving capability of sub-micron transigas significantly reduced as a result of
channel velocity saturation; a small-geometry tistos cannot be expected to have the same
maximum charge/discharge current as a long-chamaesistor with the same (W/L) ratio

Thus, SPICE results in greater delay times compar&80-based inverter design.

Regarding analog ICs, design scheme is perceivéesassystematic and more heuristic and
knowledge-intensive in nature than digital IC desighe variety of circuit schematics and the
number of conflicting requirements and correspogdiiversity of device sizes are also much
larger. Analog IC design mainly consists of topgl@hoice, sizing task and the generation of
layout. The problem considered here is the optseddction of transistor dimensions, which
is only a part of a complete analog circuit CADItd&ctually, analog sizing is a constructive
procedure that aims at mapping the circuit speatiims where the performance metrics of
the circuit, such as gain, power dissipation, oe@diarea, etc. have to be formulated in terms
of the design parameters. Following, these desayampeters such as device sizes and bias
currents should be adjusted under multiple desigeabves and constraints. The many
degrees of freedom in parameter space as welleasdbd for repeated circuit performance
evaluation made this a lengthy and tedious procEese, particular specifications for
specified topologies of a differential amplifier tvicurrent mirror load and a two-stage
operational amplifier are aimed to be met by adpgstiesign parameters such as device sizes

and bias currents with PSO algorithm.
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Design equations of each analog circuit are utlifm@ multi-objective cost function of PSO
algorithm, since numerous design specs are of coné®llowing, SPICE simulations are
carried out in order to validate the feasibilitysyinthesized circuits. Considering differential
amplifier with current mirror load, design perform& of PSO-based method is first
compared with classical method (Allen and Holb@@)2). Having satisfactory results, PSO-
based design is utilized for TSMC 0.35 pm technplpgrameters and design process is
concluded in 25 s. Using the resulting design patars, synthesized circuit is simulated with
SPICE in order to validate the exact values ofgtespecifications obtained with PSO. Spec
results obtained after SPICE simulations are ndtemnt with PSO based design results
depending on the difference of circuit equationssetilized in SPICE and theoretical
calculations. Current driving capability of sub-maic transistors is significantly reduced as a
result of channel velocity saturation; a small-getmtransistor can not be expected to have
the same maximum charge/discharge current as acloaugnel transistor with the same (W/L)
ratio. Therefore, in order to make PSO-based design neasilfle bias current is increased
while saving MOS sizes obtained with PSO-basedgdesihis improvement not only
satisfied all the constraints but also minimizee tbtal MOS area with respect to DARWIN

(Kruiskamp and Leenaerts, 1995) tool.

Two-stage operational amplifier design involves endesign parameter adjusting than the
former design task while each analog design task tes the same dimension of particle
vector size. PSO-based design for two-stage amapigi concluded in 8.6 seconds after 100
iterations. Resulting design parameters are udilibe redesign in SPICE simulator in order to
validate the exact values of design specificatiobtined with PSO. Spec results obtained
after SPICE simulations are very coherent with Rfa®ed design results except gain value.
This is mostly due to the more complex channel radthin effect equations in SPICE
simulations which have been discarded in theoretakulations. Nevertheless, PSO-based
two-stage operational amplifier design satisfietl tae design specifications as well as
minimized total design area with respect to conmgtxmization (Hershenson et al., 2001).

Considering both design cases, PSO proved itsieffty on analog IC design with high
accuracy and short computation time. Analog ICgleproblem can be considered as a multi-
objective constrained problem and as a global apétion tool, PSO is very successful with
handling those conflicting objectives as long asigle specification equations are well
defined and introduced to PSO.
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5. ANN FOR TECHNOLOGY INDEPENDENT INTEGRATED CIRCUIT D ESIGN

This section introduces a technology independetifidial Neural Network (ANN) modeling
technique for current steering CMOS Digital-to-AsglConverter (DAC) circuit. Previous
sections deals with EA based design of basic distuictures with various design constraints
and particular technology parameters. Here, theisita predict the transistor sizes of DAC
circuit that meets the design constraints, withimum user effort and design knowledge for
a newer semiconductor technology, using ANN co-tated with Cadence Spectre Analog
Environment. In contrast to other modeling reseasclthe transistor sizes of DAC circuitry
are predicted for new technology designs. The desigstraints are specified and numerous
simulations are carried out for different chanregigth and channel width of all transistors
that meet the constraints using Cadence. The siimgaare performed using three different
technology BSIM3v3 SPICE parameters that are ON BEMum, ON SEMI 0.5um and
TSMC 0.35um [5] technologyparameters. Eventually, a large database is dexelop
consisting of transistor size¥/( L) of DAC designs for three different technologiesl static
characteristics of DAC designs as obtained fromutation results. The key point is that the
ANN was trained with the dataset including the datian results of ON-SEMI 1.5um and
0.5um technology parameters and the test datansituted with only the simulation results
of TSMC 0.35um technology parameters which hasret introduced to the ANN structure
for training beforehand. The ANN provides the cleliangths and widths of all transistors
for a newer technology when the designer sets thmenc values of DAC static output
specifications as Differential Nonlinearity (DNL)rer, Integral Nonlinearity (INL) error,

monotonicity and gain error as the inputs of thisvoek.

5.1 Current Steering Type DAC Structure

DAC is one of the key components in mixed-signatems that converts a digital code into
an analog signal. The output is proportional to takie of the digital code provided to its
inputs. The output of a typical DAC is an analognsil, which is usually voltage or current
(Wang et al, 2001; Zumbahlen, 2008). Current-modgas processing circuits have
demonstrated many advantages over voltage-modeitsiréncluding increased bandwidth,
higher dynamic range and easy implementation. bhtiath, current-mode processing often
leads to smaller circuit size and less power comgiom (Wen and Lee, 2001). The voltage
output is an advantage of voltage mode, as isdhstant output impedance, which eases the

stabilization of any amplifier connected to thepuitnode (Kester, 2005).
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A wide variety of DAC architecture exists, each hwitnique characteristics and different
limitations. In this study, designed 4 bit DAC ciitty is based on the familiar R-2R resistive
current divider (Hoeschele, 1994). PMOS transisémesused in place of polysilicon resistors
to save chip area (Kier et al, 2004). The sametiomality has been achieved using PMOS-

only implementation shown in Fig. 5.1.
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Fig. 5.1 Current steering 4-bit CMOS DAC circuiffyoeschele, 1994)

Ii.nT

The pseudo-resistance of each MOS transistor /ithmd Arreguit, 1993) which is
determined only by its width-to-length ratio is dégd as R in this structure. P3, P7, P11, P15
transistors act as the R part of designed R-2RelaDA\C circuitry. Series combination of the
switching transistors (P0,P1,P4,P5,P8,P9,P12 Pa8)the pass transistor in each brunch
(P2,P6,P10,P14) perform as 2R portion of resistounterpart. The switching transistors are
driven with complementary pulse signals,€). The incoming current,,, is divided into
brunches based on the current division princigleshis work, the input current sourtg is
set to 100pA. The value of input current sourcemheines the full scale output current of the
circuitry. The current in each branch is switchedgtound or onto the output node. The
output of the circuit is a currerty, which is some fraction of reference current (Baieal.,
1997) as given in (5.1 refers to digital input word with bits wide.

D

o =2y (5.1)

I 2N in
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5.2 Static Characterization of DAC

Non ideal circuit elements of DAC cause the anatmgements to differ from ideal values.
Outputs of DAC become distorted and noise to beeddtb the signal because of
nonlinearities. A number of different measuremestitaracterize DAC and its performance.
The transfer characteristics of DAC can be analy#gedugh its static and dynamic
parameters. In general, static specification pataregSSP) include resolution, offset error,
gain error, monotonicity, integral nonlinearitiN{), and differential nonlinearityDNL).
Total harmonic distortion, signal to noise rati@jrg band-width and slew rate are usually
measured for examining the dynamic parameters. elt®SPs must be measured and
compared against requirements during the performawaluation of DAC circuits. The
importance of a particular SSP and its limit depepdn the application. In some applications
only a few SSPs are needed to guarantee perforn{bdo@schele,1994). In this study, SSPs
including DNL, INL, gain error, monotonicity were measured for peniance evaluation of
the designed 4-bit DAC. However, for simplicityfarmation about static characterization is
explained considering a 3-bit DAC.

o Differential Nonlinearity (DNL) The step size in the non-ideal data convertelaties

from the ideal size and this error is called thterential nonlinearity(DNL) (Hoeschele,
1994).DNL is a measure of the worst variation in analog tjaeuy step size from the ideal
1-LSB step over the full range of the DAC. The le8gnificant Bit (LSB) defines the
smallest possible change in the analog output gelt®eviations are usually specified in
terms of fractional part of 1 LSEBINL error for 3-bit DAC is illustrated in Fig. 5.2.

DNL = [(VD+1- VD)/VLSB-IDEAL' 1] (52)

where0 < D < 2N — 2andVp represents the actual output value of DAC corregpdroD"
digital input code.

The DNL is usually expressed in units of LSBs rather thbsolute units. If th®NL for a
DAC is less than -1 LSBs, then the DAC is said éononmonotonic, which means that the
analog output voltage does not always increaskeadigital input code is incremented (Baker
et al., 1997).

e Integral Nonlinearity (INL) Integral Nonlinearity (INL) is a measure of thardest

deviation of the DACs transfer function from a gjhd line. There are various methods for
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determining INL. It is often specified with respéc a straight line drawn between the actual
0 (first value) and full-scale endpoint (last vglyéloeschele, 1994). The other method
compares the output values to the ideal refereineg legardless of the first and last output
values. This measurement of error includes not tinbarity errors but also the offset and

gain error. Here, deviations of the output valueshe ideal reference line are measured in
order to determine INL. Usually, gain error and seff are determined as separate

specifications (Baker et al, 1997).

INL = [(Vp - Vbideal)/VisB-IDEA] (5.3)

where0 < D < 2N — 1andVpigea is the ideal output value of DAC corresponde®tbdigital

input code.

INL is represented in units of LSBs as similar wilNL. Generally, a DAC with N-bit
resolution will have less than +1/2 LSB &MNL and INL. INL error for 3-bit DAC is

illustrated in concurrence wilBNL error in Fig. 5.2.

Qoo IML=0 LZE

0al: DWL=0 L3E
INL= 0 L:E

] INL emer 0l0: DHL=-0.5 LSE
2 | Ideal refence line —— (= -0.5LSE) ML= -0.5 LSE
m
= 011: DNL= 1LSE
1 = 0.5LSB
% DA C transfer mome INL
| A '\ 100: DHL=0 L3E
g INL= 0.5 LSB
g DHL exror 101: DNL=-0.25 LSE
[=1L5E) INL= 0.25L5E
110: DHL=-1 LSE
> IHNL= -0.75 LSEB
Qoo 0ol Olo 011 100 101 110 111 Dlgl'tE" lnput 111: DHL= 0.25 LSE
Cocde INL= -0.5 L3E

Fig. 5.2 DNL and INL errors for 3-bit DAC

e Gain Error:Gain error is the error in slope of the DAC tramsfunction. A gain error
exists if the actual slope line through the transteve is different from the slope of the best-
fit line for ideal case. The ideal transfer funatioas a slope defined by drawing a straight line
through the two end points. In non ideal DACs, giape can differ from ideal resulting in a
gain error- which is usually expressed as a peagenbecause it affects each code by the
same percentage. If there is no offset error, gaior is easily determined by applying the all
“1"s code to the DAC and measuring its output, glesd asVii; for 3-bit DAC (Kester,
2005). Gain error for 3-bit DAC is illustrated imgk5.3.
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Vlll

GainError = ——————
VFS -1L.SB

(5.4)
whereVes is the full scale value of ideal DAC charactedstndV1; refers to endpoint analog
value of actual DAC transfer curve. Gain error3ebit DAC is illustrated in Fig.5.3.

Aralog OutpLt Walug
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IG-a.inEnﬂr
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"y ™\ Mea
Slope

k

Digital Input Code

mn I]IEI1 IJ'iI] [I‘i1 1I§II] 1I§I1 1'ilil 1'i1
Fig.5.3. Gain error for 3-bit DAC

¢ Monotonicity Monotonicity is defined by the output always inoenting by a non-
negative amount as the input code increases (RalZ2@9). DAC transfer function is defined
as monotonic under the condition that as the digijaut is increased in value, the output
should also increase or may approach a zero chiantfee increasing direction, but never

decreases in value (Hoeschele, 1994). Fig.5.4 tepiconmonotonic transition.

Theoneal 0LSE DHL

i

’\\\ -1.25 LSE DNL

nommonotonic transition

—

Ol0 Q11 100 101 110

Fig.5.4. lllustration of nonmonotonic transitiorr f&-bit DAC



99

5.3 ANN Based Design Methodology

MOS transistors of submicron integrated circuit g@ss technologies are modeled by
complex nonlinear equations with dimensional anocess-parameter dependencies. BSIM
models were developed to solve the problems egistirsemi-empirical models. They have
extensively built in dependencies of important digienal and process parameters such as
channel length, channel width, gate oxide thickngsstion depth, doping concentration, etc.
BSIM3v3 has became an industry standard for mogeubmicron MOS technologies. In
standard integrated circuit design, the desigrhefdircuit schematic and its layout affect the
circuit operation. MOSFET channel widtiV( and length [() parameters directly affect the
current driving capability of the correspondingngestor. In submicron technologies, it is
difficult to choose the most suitab® andL values since the MOSFETs are modeled by

complex nonlinear equations (Abebe and Tyree, 2000)

Nonlinear modeling technique based on ANN modeladseasingly being used for complex
system models. Here, the aim is to estimate tremmsdimensions of a DAC structure for
given SSP values when newer technology model paessnare chosen for redesigning the
circuit structure that was previously designed gsiider technology parameteiGeneral

technology independent design methodology is gindfg. 5.5.

Simpalation Results Conpare S5F enor
of D4 with vahes bebanean
Cadence Sinmlator desived and ANN
based desizn

l i

Dratab ahion
irputs: SSF vabaes Caloulate SSP vahues Sinmilate DAC with
cratprats: PMOS sizes fiorn analog cudpaats FMO3S sizes provided
Tram AN withthe Change ANH provides PRIOS
trainmg set sizes for goren 35Fs in
l the test set
Validate AN wath Vahdate
the traiing st fow ziven S5Fs AWH with
are ohtamed the test sat

Fig.5.5 General Technology Independent Design Migdlomy for DAC
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First, DAC structure is designed using three d#fertechnology parameters with possible
combinations of transistor sizes in order to obtdia database for ANN (Serin, 2008).
Secondly, an appropriate ANN architecture is sebkowvhich can process a large sized
database with high accuracy. Finally, SSP valueth@fproposed model are compared with

actual values provided in the test set. Detailpaogided in the following.

5.3.1 Measurement of SSP Valueand Creation of DAC Database

One of the most crucial steps in ANN methodologsasndoubtedly the creation of the circuit
database which is composed of the training setlamtest set. In order to generate these sets,
first of all, DAC structure given in Fig.5.1 wassigned using ON SEMI 1.5 um technology
parameters with PMOS transistor sizes tabulate@ainle 5.1 and simulated with Cadence

Analog Environment. Resulting transient responggvien in Fig. 5.6 (Serin, 2008).

Table 5.1 PMOS width and length values for DAC gesvith ON SEMI 1.5 pum technology

PO P1 P2 P3 P4 P5 P6 P7 P8

W(um)| 96 96 24 96 48 48 16 48 24

L (um)| 1.6 1.6 1.6 1.6 1.6 1.6 1.6 1.6 1.6

P11 P10 P11 P12 P13 P14 P1% P1

Q)

Wum)| 24 16 24 12 12 16 12 30

L (um)| 1.6 1.6 1.6 1.6 1.6 1.6 1.6 1.6

Transient Response
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Fig. 5.6 Transient response of DAC design with G&M$1.5 um (Serin, 2008)
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Static characterization equations were providedurasyy that outputs were in terms of
voltages. Since selected DAC structure is curremdenthe equations are utilized in terms of
currents. ldeal output current values are calcdlateing (5.1) and tabulated in Table 5.2.
DNL error values are calculated as in (5.2) and giveiiable 5.3. Actual output current
values are provided from transient simulation ofMAs in Fig.5.5 antl sg-peaLis equal to
6.25 um. INL error values are obtained using (&r8) tabulated in Table 5.4.

Table 5.2 Ideal output current values for eachtdignput word

| Dideal (LA) : | Digeal (MA)

D=0 Ipigea1=100x0=0 ' D=8  Ipideat =100x8/2=50
D=1 Ipiges =100x1/2=6.25 | D=9  Ipigea=100x9/2=56.25
D=2  Ipiges =100x2/2=12.5 | D=10 Ipigeas =100x10/2=62.5
D=3 Ipiges =100x3/2=18.75 | D=11 Ipjigeas =100x11/2= 68.75
D=4  lIpigea =100x4/2=25 | D=12 Ipjgea =100x12/2= 75
D=5 Ipigeas =100x5/2=31.25 | D=13  Ipigeas =100x13/2=81.25
D=6 Ipiges =100x6/2=37.5 | D=14 lpigeas =100x14/2=87.5
D=7 IDideaI :1OOX7/2: 43.75 D=15 IDideaI :1OOX15/2: 93.75

Table 5.3 DNL error values for each digital inpudrel

DNL Error : DNL Error

' D=8  DNL8 =(55.24-49.7)/6.25-1 =0.11
D=9  DNL9=(63.31-55.24)/6.25-1 6.29
D=10 DNL10=(68.94-63.31)/6.25-1=0.1
D=11 DNL11=(73.34-68.94)/6.25-1=0.3
D=12 DNL12=(78.94-73.34)/6.25-1=0.1
D=13 DNL13=(87.21-78.94)/6.25-1 6.32
D=14 DNL14=(92.97-87.21)/6.25-1=0.08

D=0 DNLO0=(5.69-0)/6.25-1=0.09

D=1 DNL1=(13.74-5.69)/6.25-1 .29
D=2 DNL2=(19.38-13.74)/6.25-1=0.1
D=3 DNL3=(23.63-19.38)/6.25-1 =0.32
D=4 DNL4 =(29.23-23.63)/6.25-1=0.1
D=5 DNL5=(37.26-29.23)/6.25-1 .28
D=6 DNL6 =(42.88-37.26)/6.25-1=0.1
D=7 DNL7 =(49.7-42.88)/6.25-1 6.09

Table 5.4 INL error values for each digital inpudngd
INL Error ! INL Error

D=0 INLO=(0-0)/6.25 =0 ' D=8 INL8=(49.7-50)/6.25 =0.05
D=1 INL1=(5.69-6.25)/6.25=0.09 1 D=9 INL9=(55.24-56.25)/6.25 =0:16
D=2 [INL2=(13.74-12.5)/6.256.2 | D=10 [INL10=(63.31-62.5)/6.259.13
D=3 INL3=(19.38-18.75)/6.258.1 | D=11 INL11=(68.94-68.75)/6.258.03
D=4 INL4=(23.63-25)/6.25=0.22 ' D=12 [NL12=(73.34-75)/6.25=0.27
D=5 [INL5=(29.23-31.25)/6.25 =0.32 ' D=13 INL13=(78.94-81.25)/6.25 =0:37
D=6 INL6=(37.26-37.5)/6.25=0.04 ' D=14 INL14=(87.21-87.5)/6.25=0.05
D=7 INL7=(42.88-43.75)/6.25 =0:14 1 D=15 [NL15=(92.97-93.75)/6.25=0.12
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Gain error is calculated as -0.008 using (5.4) frooh Fig.5.5, it can be seen that transient
response is monotonic. Resulting error values @&l nough to ensure that designed DAC

Is operating properly and actual output valuesvarg close to ideal ones.

Following, both channel width and length valueseath PMOS transistor in DAC design
with ON SEMI 1.5 um are variated and 138 differ&AC structure is designed and
simulated (Serin, 2008). Depending on the resultiagsient response of each design DNL
errors (DNLO:DNL14), INL errors (INLO:INL15) and gaerrors are calculated. DAC design

having a monotonic or non-monotonic response isesged with 0.9 or 0.1, respectively.

Abovementioned tasks are repeated during DAC desigim both ON SEMI 0.5 um and

TSMC 0.35 um technology parameters. PMOS sizesA®E design having very small static
error values are tabulated in Table 5.5 for ON SBMI um technology and in Table 5.6 for
TSMC 0.35 um technology (Serin, 2008). Conseque#fly different DAC design is realized

where each design has 30 error value and a mowrdtomarker.

Table 5.5 PMOS width and length values for DAC gesvith ON SEMI 0.5 um technology

PO P1 P2 P3 P4 P5 P6 P7 P8

W(um)| 40 40 10 40 20 20 6.6 20 10

L (um)| 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.4

Q)

P11 P10 P11 P12 P13 P14 P1% P1

W(um)| 10 6.6 10 5 5 6.6 6.6| 12.5

L (um)| 0.6 0.6 0.6 0.6 0.6 0.6 0.6 0.6

Table 5.6 PMOS width and length values for DAC gesvith TSMC 0.35 um technology

PO P1 P2 P3 P4 P5 P6 P7 P8

Wum)| 24 24 6 24 12 12 4 12 6

L (um)| 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4

Q)

P11 P10 P11 P12 P13 P14 P1% P1

wWum)| 6 4 6 3 3 4 3 10

L (um)| 0.4 0.4 0.4 0.4 0.4 0.4 0.4 0.4
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Since the aim was to predict the transistor size®AC circuit that meets the design
constraints, with minimum user effort and desigrowtedge for a newer semiconductor
technology, simulations were carried out using OBM$ 1.5 um and 0.5 um technology
parameters for training set and TSMC 0.35 pum telcgyoparameters for the test set. By
using the specified technology parameters and ¢hgngidth (W) and length (L) values of
PMOS transistors, transient simulations were paréat in order to obtain analog outputs for
different transistor dimensions and technology peters, since the possible combinations of
transistors’ sizes directly affect linearity of DASrcuitry. Transistor dimensions (W0:W16,
LO:L16) constitute the outputs of ANN, while thepiis are the static specifications
(INLO:INL15, DNLO:DNL14 monotonicity, gain error) which were calculateibwthe use of
DAC outputs. The training set is composed of 27@as, while the test set includes 138
samples as illustrated in Fig. 5.7. Here, the agroof MONO stands for the monotonicity.

ANN Inpats ANN Outputs
DNLO.DNL14 | INLO..INL15|GAIN |MONO|| W0:-W16 | L0:L16
ERROR
@
E% Training Set (ONSEMI 1.5 pm , ON SEMI 0.5 pm)
m
S
g a- Test Set (TSMC 0.35um)
@ | [ |

Fig. 5.7 DAC Database Structure

5.3.2 Selection of Appropriate ANN Structure

Due to the complexity of DAC database, selectioramfappropriate ANN structure is very
important. In this study, MLP, RBF and GRNN struetiare considered. MLP is trained with
three different methods; BP, LM and PSO. Except fR8®, all of the ANN structures are

constituted using MATLAB Neural Network Toolbox. iRemances of each method for

DAC design dataset with 33 inputs and 34 outpugganvided in the following.

First, MLP is trained with BP algorithm. Neuron nipen in the hidden layer is selected as 25,
40, and 55 for each trial. However, execution ofMEP (with 25 hidden neurons) for 13
iterations lasted 33 minutes and after 13 iteratiamaining was terminated due to the

validation check. Following, MLP was trained wittMLwith a greater execution time of 46
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minutes for 10 iterations due to the derivationceaures and training was again terminated
due to the validation check. Finally MLP was train@ith PSO. The duration of training
lasted is 0.7 minutes; however training error valo@nnot be converged to the desired values
as given in Table 5.7. Here, neuron number in mddger is tuned with varying number of
particle vectorsD represents the dimension of each particle witheetsgp number of hidden
neurons.Maximum number of iteration is set as 100. RBF wascessful with the training
phase by adjusting spread values but it failednduiesting which demonstrates that it has not

learned but it has memorized.

Table 5.7 Training error values depending to PSCRPNparameters

# of Hidden Neurons (HN)
MSE HN=36 HN=50 | HN=100 | HN=150 | HN=200 | HN=300

(D=2376) | (D=3300) | (D=6600) | (D=9900) | (D=13200) | (D=19800)
@ | P=50| 858x10 | 2.7x10 | 5.6x10 | 6.14x16 | 6.47x10 | 3.9x10
)
S @ | P=40 3.1x10 | 1.43x16 | 9.53x16 | 9.05x16 | 4.1x10 | 8.56 x10
©
# | P=30| 1.04x16 | 1.05x16 | 2.35x10 | 2.35x16 | 3.3x1d | 8.86 x10

Abovementioned ANN methods were failed to proces€Riatabase with 33 inputs and 34
outputs. The remaining method, GRNN, not only ot#disatisfying training results but also
improves the convergence rates and concludesrigaini5.6 minutes. The main advantage of
GRNN over other ANN methods is that its internalisture is not problem dependent. The
number of hidden layer nodes is equal to the nuraberining samples and cannot, nor need
it, be modified. This eliminates much time spergigeing the network as required for MLP.
In order to validate whether trained GRNN was atdegeneralize, its performance is
evaluated with the test set. Unlike RBF, GRNN hasieved a satisfying test performance.

Performance of GRNN based design methodology ikiated in the next subsection.

5.3.3 GRNN Based Design Methodology

GRNN structure was constituted with 33 neuronshie input layer and 34 neurons in the
output layer using MATLAB. All training samples were stored in the patteyet. In order
to improve the performance, all values in datalveese2 scaled between 0.1 and 0.9. During
training phases was chosen as 0.1. After training has been coegiet5.6 min, GRNN was

validated with the training set in order to evaduiie learning ability for given sigma value.
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As a result, for all given SSP values in the tragnset, GRNN provides correct PMOS sizes
compatible with ON SEMI 1.5um and 0.5um technol@gyameters, respectively. Since
successful results were obtained, GRNN was valitaiéh the test set as the next step. The
success of the validation with the test set inéisdhat GRNN based method can redesign the
DAC with a new technology using the knowledge advyously designed DAC results using
older technology parameters.

EstimatedW andL values of 16 PMOS transistors were used for DASigiein Cadence
Analog Environment, as to obtain actual output enfrivalues of GRNN-based design. Error
between actual and desired output current valuesdstrates how approximately static error
values can be achieved with GRNN based DAC desigthadlology. Tolerable SSP errors
would mean that the specifications set by the basrbeen provided by GRNN based design
method with acceptable deviations. Design methagol® summarized in Fig. 5.8.

PMOS sizes || Cadence Analog |-, d-bit DAC desired output |

constituging test ser | 7| Design Environment curvent values (overall: 16 value)
e

Test Error

PMOIS sizes abtained as K Cudence Analeg L d-bit DAC actucl ontput |
GRNN aciual outpuis Design Environment | 7| current values (overall: 16 value)

Fig.5.8 Validation of Test Results with GRNN Bad$&ekign Methodology

In the first step of GRNN based methodology, DAGIesigned in Cadence Analog Design
Environment with PMOS sizes that constituted tts¢ $et and resulting output current values
are used for calculating SSP values. Obtained S8Ry are introduced to the GRNN as test
inputs. During test process, GRNN provid&sandL values of each PMOS transistor for a
newer technology that GRNN was not introduced dytmaining. ResultingV and L values

of each PMOS transistor is then utilized to rededipAC structure. Following, redesigned
DAC is simulated in Cadence Design Environment angput current values are

corresponding to the actual outputs of the GRNMNedatesign methodology.
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5.4 Simulation Results

Validation of test samples resulted that ANN bagesign successfully provides PMOS width
and length values in newer technology for givetistpecifications parameters. The relative
error between desired and actual outputs of asteaple is shown in Table.5.8. First column
represents the digital word number; second andl tbalumns are the desired and actual
output values for the considered test sample, otisiedy. Relative error for each digital word

is calculated by dividing the difference betweesida and actual output value to the desired
value. Average of total 16 relative error valuesths test error of GRNN based design

methodology for the considered sample which ismgivethe fifth column.

Table 5.8 Performance of GRNN based design metbggdbr test sample—1

Desired GRNN | Difference | Relative Error

A A (HA) (%)
0 0,00 0,00 0,00 0,00 >
1 5,54 5,49 0,05 0,90 o
2 13,64 13,60 0,04 0,29 5 &
3 19,14 19,05 0,09 0,47 % o
4 23,68 23,66 0,02 0,08 o o
5 29,14 29,10 0,04 0,14 o 5
6 37,23 37,16 0,07 0,19 % m
7 42,71 42,60 0,11 0,26 ‘i %
8 49,46 49,45 0,01 0,02 N
9 | 5487 | 5485 | 0,02 0,04 L8
10 | 62,98 | 6293 0,05 0,08 S
11 | 68,46 68,37 0,09 0,13 B
12 | 73,12 73,07 0,05 0,07 z
13 | 78,58 78,49 0,09 0,11
14 | 86,86 86,65 0,21 0,24
15 | 92,44 92,15 0,29 0,31

The whole database contains not only proper DAGgdesamples wher®NL and INL
values are between limits of £ 0.5 LSBs but alsaomonotonic design samples. Simulation
results show that GRNN based design method improvesotonicity, DNL and INL for
numerous nonmonotonic samples. Performance of GRak¢d design methodology for 72
proper test samples is illustrated in Fig. 5.9.el¢est error is smaller than 3% for half of the
proper test samples.



107

Number of test samples

0-3 3,01-6 6,01-10 10,01-16,3

Error Range (%)

Fig.5.9. Test error of GRNN Based Design Methodglfmy proper samples

Considering proper DAC design samples, transientigitions with the PMOS sizes obtained
from the proposed method results in compatible &3&es with the actual test inputs. Table
5.9 shows the GRNN based estimation performan@Naf andINL errors for whole test set.
The term“within limits” represent the samples having a resolution less th& LSB of
DNL or INL whereas'beyond limits” represent the samples having a resolution monme tha
+1/2 LSB of DNL or INL. “Improvement” of DNL andINL values means that ti&@NL and
INL errors beyond limits of samples in the test setehldeen reduced after GRNN based
design. However,deteriorated” DNL andINL values shows that tHeNL andINL errors
within the limits of the samples in the test set arcreased after GRNN based design. For
some test samples, results of GRNN based desigaimeire similalDNL andINL values by
means of beyond limits or within limits comparediwihe original test set. In other words,
for some test samples having any numbeDbiL or INL values beyond limits or within
limits, GRNN based design method also resultegamesnumber oDNL or INL values when
compared with the test set.

Table 5.9 DNL and INL results of GRNN based metfardvhole test set

Beyond limits | Within limits
(Unchanged) | (Unchanged)

in DNL | inINL | in DNL | in INL | in DNL | in INL | in DNL | in INL

Improvement | Deterioration

70 71 8 23 14 14 46 30

# of test
sample
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In the database, inputs of each sample are gan\altue, monotonicity marker, I3NL and

16 INL values for estimating transistor sizes of 4-bit@AAs mentioned befor&)NL and
INL values must be between limits of £ 0.5 LSBs fgprapriate DAC design. After GRNN
based designDNL and INL results of each test samples are evaluated fosethe
characterizations; improvement, deterioration anchanged values by means of beyond and
within limits. Table 5.10 shows the number@fL andINL errors that are beyond the limits
for each selected test sample as an exemplificakiene, (=) indicates that a)NL or INL

values for selected test sample are within limits.

Table 5.10 Number of DNL and INL errors beyond tsgrfor each selected test sample

DNL DNL INL INL
(Original) | (After GRNN) | (Original) | (After GRNN)

Improvement 3 i 3 i

(57" sample)

Deterioration _ 1 _ 1

(129" sample)
Unchanged-Beyond Limit

(114" sample) 4 4 2 2
Unchanged-Within Limits _ _ _ _

(132" sample)

Monotonicity of test samples after GRNN based desigethod was also investigated.
Amongst 138 test samples, there were 107 monotdAIC design samples as well as 31
nonmonotonic samples. The proposed method affédesnonotonicity for none of the

monotonic samples. Furthermore, GRNN based des&had improves monotonicity for 18

samples which were nonmonotonic in the test sg.5H0 shows an example of how an
actual output of a nonmonotonic test sample wasawgad with GRNN based method.

Same sample of the test set had alBiNR errors and 8NL errors beyond limits before being
introduced to the GRNN based method. The proposadheod not only improved
monotonicity but also reduced &NL andINL error values within the limits as shown in Fig.
5.11 and Fig. 5.12.

Gain error remained same for the fifty seventh damafter GRNN based design. However,
considering the whole test set, for fifty three pém gain error was increased slightly with a
maximum error of 1% and for fifty six samples, gaimor remained same with a maximum
tolerance of 0.1% as compared to the test set. GB&Héd design has reduced the gain error
of twenty nine samples. In Fig. 5.13, the reduciwdrgain error for the sixty fourth sample

after GRNN based design method is shown as an dgamp
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5.5 Summary

Dimension prediction of circuits in new technolagi®ith the usage of neural networks can
provide great convenience on the design of VLStwis. (Kahraman, 2008) utilized this
approach for fundamental analog circuit (currentronj differential amplifier, operational
amplifier) and digital gate (NOR, NAND, XOR, INV)edign. As a different and more
complex structure, a digital to analog converteA() is aimed to be designed using the same
approach. Here, transistor sizes for current stgddAC circuit for newer technologies, has
been successfully predicted using ANN based desigthodology. Possible combinations of
transistor sizes, the channel widths and lengtlesewhanged in order to construct the data
set. Transient simulations of DAC were performed Y@rious channel widths of all
transistors that provide different output curvemgsCadence with three different BSIM3v3
MOSFET technology parameters. The DAC circuit dtrres with fixed topology but
different set of MOS transistor dimensions, thosedufor constructing the dataset for GRNN,
do not always have a good output curve. Some of theve worse linearity, some of them are
nonmonotonic and some of them have more gain eEwentually, a large database is
developed consisting of transistor sizes of DAGgtesfor and static characteristics of DAC
designs as obtained from simulation results. Fallgwthe appropriate ANN was selected
and trained with the dataset including the simatatiesults of ON SEMI 1.5um and 0.5um
technologies and the test data was constituted tvéhsimulation results of TSMC 0.35um

technology which were not applied to the ANN faining beforehand.

During selection of appropriate ANN structure forstproblem, BP-MLP, LM-MLP, PSO-
MLP, RBF and GRNN are constructed. BP and LM fatiedrain the MLP architecture due
to the heavy computation effort including derivatieperations. To our knowledge, PSO-
MLP has not been applied to such high-dimensioashlthse before. However, due to the
large number of input neurons, particle vector thatudes weights between hidden layer-
input layer and output layer-hidden layer has iasesl tremendously. Therefore, iterative
nature of MLP is not suitable for this very-highmadinsional data notwithstanding that a very
efficient and a fast optimization algorithm is izt#d for training. RBF concluded training
successfully however failed during testing whicHigates that RBF has memorized the data
and therefore were not able to generalize. Amongwa ANN structures, GRNN method
proved its effectiveness on processing this highetisional problem with high accuracy in

short computation time. GRNN based design provtdeschannel lengths and widths of all
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transistors which satisfy the design constraibsll(, INL, monotonicity and gain error) that

are also the inputs of the neural network.

The success of the validation with TSMC 0,38 test set resulted that the proposed method
can redesign the DAC with a new technology usirg khowledge of previously designed
DAC simulation results for older technology. Moreoyvthe proposed method not only
improved monotonicity but also reducBdL, INL and gain error values within some limits.
As a result, it was proved that the ANN based desigproach provides the channel widths
and lengths of all transistors in a newer technpledien a user determines the static

specification parameters, with minimum effort amsign knowledge.
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6. CONCLUSION

In this dissertation, the applicability of PSO ieatronic circuit design automation has been
investigated comprehensively. For this purpose, FS@tlized as an optimization tool for

both discrete and integrated circuit design.

Optimal passive component selection for analogvectilter is considered as the discrete
circuit design problem. GA, ABC and PSO algorithmere used for both ™4 order
Butterworth low-pass analog filter and®rder SVF design and were investigated for the
selection of passive components from different nfectured series by means of accuracy and
execution time. Selection of the optimal own pararseis very crucial on minimizing total
design error value thus effecting filter performan&mong the evolutionary approaches used
in this work, GA requires more fine-tuning of thevro parameters and increasing number of
chromosomes decreases total error values at theot@xecution time. Considering ABC,
increasing search limit value facilitates obtainimgtter CF values when bee population is
small. However, when bee population is crowded tbalection of bigger search limits
decelerates the algorithm and worsens the perfaeamncreasing particle number in PSO
improves the performance unless the acceleraticinriaare selected as 2. Following, 20 runs
were performed with optimal own parameters obtaipexViously. The resulting CF values
were used to produce box and whisker plots whidwsthat CF values obtained with GA
method varies the most among the other methods.it€tagion number required to achieve
the quality restrictions are slightly differenteach run for each method which can be seen in
the plots of CF values versus iteration numberSfalifferent runs. Considering Butterworth
filter design with components selected from El2esefor a true comparison with (Jiang et
al., 2007); PSO achieved the smallest design arntbrrespect to previous methods and other
EA methods. Moreover, less design error is obtaimigadl GA than the previously used one in
(Jiang et al., 2007).

Components of SVF are selected from two differerdnufactured series in order to
investigate whether performance of EA methods iwidtease or not when same topology is
designed with different series. GA algorithm ack@wvhe smallest design error but the
longest execution time when selecting componeots fE24 series. This is mainly due to the
fact that PSO and ABC has fewer primitive matheoadtioperators than in GA (e.g
reproduction, mutation and crossover). Those madlieal operations require more fine-
tuning of own parameters. However when tolerandesomponents became tighter in E96

series, ABC algorithm obtained the most succegsfsililts by means of both accuracy and
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execution time. Choosing optimal search limit valeids local minimum trapping and
increasing number of bee population improves thebability of converging to global
minimum. Therefore, selecting optimal own parangefer ABC improves the accuracy as
well as the convergence rafeBC outperforms other methods by means of executina for

all design cases; however, when considering desigaracy each method has achieved the
smallest design error depending on the design clkeeover, the performance of PSO was
not affected significantly due to the usage ofeat#ht manufactured series for same filter
topology as other EA methods weFgom Spice simulation results, it is clearly obserthat
the conventional method does not provide a maxyriék response in the pass band and
results in bigger cut-off frequency deviation. S@Esign with conventional method also

screens stop band ripples during frequency analysdike with EA techniques.

Next, PSO is utilized for both digital and anald@design cases. In order to investigate PSO
performance for digital circuit design, switchinigacacterization of an inverter is considered.
Switching performance is one of the quality metid®en considering a digital design. From
a system designer's perspective, the performancea ofligital circuit expresses its
computational ability. The switching characteristiof digital integrated circuits and in
particular, of inverter circuits, essentially detéme the overall operating speed of digital
systems. The transient performance requirements difjital system are usually among the
most important design specifications that must le¢ oy the circuit designer. Therefore, the
switching speed of the circuit must be estimatadi @rtimized very early in the design phase.

For this purpose a CMOS inverter circuit has beemahstrated and three different design
cases concerning transient characteristics wereedaiout. First, PSO algorithm was
configured in order to estimate output voltage fele depending on the design parameters
and fabrication technology parameters. 10 differaniges of design parameters and design
criterion were specified for PSO algorithm. Synthed results were compatible with
theoretical calculations. Second case deals withnaarter design having a symmetrical
output voltage. For this purpose, error betweehtifale and rise time of output voltage was
minimized by PSO algorithm for 10 inverter desigaving different ranges for design
parameters and design criteria. Differences ofdadl rise times of nine of the examples were
below than specified target error. For the spetiftanges of the eighth example, PSO
algorithm could not find a minimum error value steathan the specified error. This example
was investigated on purpose, in order to show thportance of range selection for the

success of optimization algorithm. The last cass Wi most complicated one among the
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others. A symmetrical output voltage was also afcewn by including the minimization of
propagation delay times. CF, namely error, wasneefiby the sum of difference between
output voltage delay times and propagation delagsi As seen from the synthesized results,
PSO obtained design parameters and design critealoles compatible with specified ranges.
CF of nine of the design examples was below thgetaerror and specified ranges of the
remaining example did not allow PSO to find a mimimCF smaller than the target error.
The PSO technique proved its effectiveness in figdninimum error for all design problem
cases. Almost equal output voltage delay times prupagation delay times lead to a

symmetrical output voltage which determines theraVeperating speed of digital systems.

For the first design case, it was assumed that PEI@SNMOS dimension ratios were equal
to each other. However for the following exampliferent dimension ratios of PMOS and
NMOS has been obtained by PSO algorithm and syatebsesults showed that symmetrical
delay times could not be obtained with a dimensetio of PMOS to NMOS smaller than

five. Decreasing PMOS dimension leads to a smaliea on chip layout but worse symmetry

at the output voltage.

For comparison, using PSO results of output capacd value and transistor dimensions,
inverters were redesigned in SPICE environmenteeh case, considering PSO results as
SPICE inputs and obtained. The difference betwelCE results and PSO-based design
results arise from the fact that SPICE computesgusiore complex circuit equation sets than
used in theoretical calculations. PSO uses delpyessions which were derived using simple
current-voltage relationships originally develoged long-channel transistors. These current
expressions based on the gradual channel appragimean still be used for sub-micron
MOS transistors with proper parameter adjustmetitsrefore delay analysis used here
remains largely valid for small-geometry deviceswadl. Yet it should be noted that the
current driving capability of sub-micron transistas significantly reduced as a result of
channel velocity saturation; a small-geometry tistos cannot be expected to have the same
maximum charge/discharge current as a long-chamaesistor with the same (W/L) ratio.

Thus, SPICE results in greater delay times compar&850-based inverter design.

While the amount of digital design activity far pates that of analog design, most digital
systems require analog modules for interfacingheexternal world. Regarding analog ICs,
design scheme is perceived as less systematic ara lhmuristic and knowledge-intensive in
nature than digital IC design. The variety of cit@chematics and the number of conflicting

requirements and corresponding diversity of dewizes are also much larger. Analog IC
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design mainly consists of topology choice, siziagkt and the generation of layout. The
problem considered here is the optimal selectiomasfsistor dimensions, which is only a part
of a complete analog circuit CAD tool. Actually,admg sizing is a constructive procedure
that aims at mapping the circuit specifications reghihne performance metrics of the circuit,
such as gain, power dissipation, occupied area,hetee to be formulated in terms of the
design parameters. Following, these design parasmeteh as device sizes and bias currents
should be adjusted under multiple design objectaed constraints. The many degrees of
freedom in parameter space as well as the neeepeated circuit performance evaluation
made this a lengthy and tedious process. Herejcplart specifications for specified
topologies of a differential amplifier with currentirror load and a two-stage operational
amplifier are aimed to be met by adjusting desigrameters such as device sizes and bias

currents with PSO algorithm.

Design equations of each analog circuit are utllifm@ multi-objective cost function of PSO
algorithm, since numerous design specs are of conéden, SPICE simulations are carried
out in order to validate the feasibility of syntlzesl circuits. Considering differential
amplifier with current mirror load, design perfomta of PSO-based method is first
compared with classical method (Allen and Holb@@f)2). Having satisfactory results, PSO-
based design is utilized for TSMC 0.35 pum technplpgrameters and design process is
concluded in 25 s. Using the resulting design patars, synthesized circuit is simulated with
SPICE in order to validate the exact values ofglespecifications obtained with PSO. Spec
results obtained after SPICE simulations are ndétepent with PSO based design results
depending on the difference of circuit equationssetilized in SPICE and theoretical
calculations. Current driving capability of sub-maic transistors is significantly reduced as a
result of channel velocity saturation; a small-getm transistor cannot be expected to have
the same maximum charge/discharge current as acloaugnel transistor with the same (W/L)
ratio. Therefore, in order to make PSO-based desigre feasible bias current is increased
while saving MOS sizes obtained with PSO-basedgdesirhis improvement not only
satisfied all the constraints but also minimizee tbtal MOS area with respect to DARWIN

(Kruiskamp and Leenaerts, 1995) tool.

Two-stage operational amplifier design involves endesign parameter adjusting than the
former design task while each analog design task tes the same dimension of particle
vector size. PSO-based design for two-stage ampigi concluded in 8.6 seconds after 100
iterations. Resulting design parameters are udilifipe redesign in SPICE simulator in order to
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validate the exact values of design specificatiobtined with PSO. Spec results obtained
after SPICE simulations are very coherent with Rfa®ed design results except gain value.
This is mostly due to the more complex channel rredthin effect equations in SPICE

simulations which have been discarded in theoretakulations. Nevertheless, PSO-based
two-stage operational amplifier design satisfietl tae design specifications as well as

minimized total design area with respect to conmgtimization (Hershenson, 2001) tool.

Considering both design cases, PSO has provedfidercy on analog IC design with high
accuracy and short computation time. Analog ICgleproblem can be considered as a multi-
objective constrained problem and as a global apétion tool, PSO is very successful with
handling those conflicting objectives as long asigle spec equations are well defined and
introduced to PSO.

So far, considered design problems utilized a @aldr technology for MOS dimension
estimation intended for an optimized design. FinallOS transistor sizes of 4-bit current
steering DAC is predicted that meets the desigrstcaimts, with minimum user effort and
design knowledge for a newer semiconductor teclyyplosing ANN. Dimension prediction
of circuits in new technologies with the usage @&umal networks can provide great
convenience on the design of VLSI circuits. In cast to other modeling researches, the user
can obtain the transistor sizes for correspondeggh specifications, which are INL, DNL,
monotonicity and gain error for a newer technologiging the ANN based design
methodology trained with design knowledge of olterhnologies. For this purpose, first of
all, possible combinations of transistor sizes,dh@nnel widths and lengths, were changed in
order to construct the data set. Transient simaratiof DAC were performed for various
channel widths of all transistors that provide eliéint output curves using Cadence with three
different BSIM3v3 MOSFET technology parameters. TheC circuit structures with fixed
topology but different set of MOS transistor dimiens, those used for constructing the
dataset for GRNN, do not always have a good outpuve. Some of them have worse
linearity, some of them are nonmonotonic and sorhethem have more gain error.
Eventually, a large database is developed congigtirtransistor sizes of DAC designs for
three different technologies and static charadtesisof DAC designs as obtained from
simulation results. Following the database creatithe appropriate neural network was
trained with the dataset including the simulati@suits of ON SEMI 1.5um and 0.5um
technologies and the test data was constituted ol the simulation results of TSMC

0.35um technology which were not applied to the Alditraining beforehand.
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During selection of appropriate ANN structure forstproblem, BP-MLP, LM-MLP, PSO-
MLP, RBF and GRNN are constructed. BP and LM fatiedrain the MLP architecture due
to the heavy computation effort including derivatieperations. To our knowledge, PSO-
MLP has not been applied to such high-dimensioashlthse before. However, due to the
large number of input neurons, particle vector thatudes weights between hidden layer-
input layer and output layer-hidden layer has iaseel tremendously. Therefore, iterative
nature of MLP is not suitable for this very-highmdinsional data notwithstanding that a very
efficient and a fast optimization algorithm is izd for training. RBF concluded training
successfully however failed during testing whicHigates that RBF has memorized the data
and therefore were not able to generalize. Amongwa ANN structures, GRNN method
proved its effectiveness on processing this highetisional problem with high accuracy in
short computation time. GRNN based design provitdeschannel lengths and widths of all
transistors which satisfy the design constraibsll(, INL, monotonicity and gain error) that
are also the inputs of the neural network.

The success of the validation with TSMC QuBbtest set resulted that the proposed method
can redesign the DAC with a new technology usirg khowledge of previously designed
DAC simulation results for older technology. Moreoyvthe proposed method not only
improved monotonicity but also reducBdL, INL and gain error values within some limits.
As a result, it was proved that the ANN based desigproach proposed here provides the
channel widths and lengths of all transistors mewer technology when a user determines the

static specification parameters, with minimum dffovd design knowledge.

Consequently, as a global optimization tool, PSQa igery efficient method for optimal
component selection and sizing task in electromzuit design automation by means of both
high accuracy and short computation time. Sinceeg@rogrammed, no human intervention is
required (e.g. to provide an initial “good desigm” to interactively guide the optimization
process), the proposed method yields completelgnaatied sizing of optimal circuits by
means of both discrete and integrated design cisicep

Utilizing PSO as a training algorithm for ANN isaher work in this dissertation. Accurate
results are obtained for EXOR classification whebPMs trained with PSO with a particle
vector dimension of 15x20. However when particletoe size is increased to thousands for
technology independent design problem, PSO alguoritid not succeed as a training
algorithm of MLP. Although training is completed like with BP and LM, it did not
converge to the desired MSE values.
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As a further work, performance of PSO could be enbkd by utilizing more accurate
transistor model equations, such as EKV modeling dtectronic design automation
considering a particular manufactured technologgrédver, technology independent design
automation of integrated circuits is also a vergropesearch area. Variants of PSO could be
utilized as a training algorithm of ANN for averagemensional technology independent
design automation problems. Considering very-higmedsional problems; apart from
training task, PSO could be utilized in a differennfiguration for hybridization with ANN
structures having iterative nature.
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Appendix 1 TSMC 0.25um Technology Model Parameters

RUN: N99Y
TECHNOLOGY: SCN025

COMMENTS: TSMC 025SPPM.

TRANSISTOR PARAMETERS

FEATU

Wi/L N-CHANNEL P-CHA

MOSIS PARAMETRIC TEST RESULTS

VENDOR: TSMC
RE SIZE: 0.25 microns

NNEL UNITS

MINIMUM 0.36/0.24

Vth 056 -
SHORT 20.0/0.24

Idss 590 -26
Vth 0.60 -
Vpt 76 -
WIDE 20.0/0.24

IdsO 13.1 -
LARGE 20.0/20.0

Vth 0.52 -
Vjbkd 6.1 -
ljlk -22.9 -
Gamma

K' (Uo*Cox/2) 109.7 -2

0.53 Volts

3 uA/um
0.59 Volts
7.2 \Volts

1.7 pA/um

0.63 Volts

7.0 Volts

7.5 pA
V0.5

5.5 uA/V~2

COMMENTS: Poly bias varies with design technology.
etch bias use the appropriate value for

SPICE model card.

Design Technology

SCN5M_DEEP (lambda=0.12)

thick oxide, N
thick oxide, P
TSMC25
thick oxide, N
thick oxide, P
SCN3M_SUBM (lambda=0.15)
thick oxide, N
thick oxide, P
FOX TRANSISTORS GATE N+ACTIVE P+ACT
Vth Poly >15.0 <-15
PROCESS PARAMETERS N+ACTV P+ACTV POLY MTL1
UNITS
Sheet Resistance 47 3.4 4.1 0.08
ohms/sq
Width Variation 0.09 0.14 0.12 0.08
microns
(measured - drawn)
Contact Resistance 6.9 6.0 58
Gate Oxide Thickness 57 angstrom

PROCESS PARAMETERS
Sheet Resistance
Width Variation
(measured - drawn)

0.08

0.03 1214

MTL5 N_WELL UNITS
ohms/
micro

To account for mask and
the parameter XL in your

0.03
0.02
-0.03

0.03
0.03
0.03

-0.03
0.02
-0.03

MOS
MOS

MOS
MOS

MOS
MOS

IVE UNITS
.0 Volts

MTL2 MTL3 MTL4

0.07 0.07 0.07

0.03 0.01 -0.03

2.04 406 5.72 ohms

sq
ns
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Contact Resistance 7.52 ohms

CAPACITANCE PARAMETERS N+ACTV P+ACTV POLY MTL1 MTL2 MTL3 MTL4 MTL5

N_WELL UNITS

Area (substrate) 1727 1888 97 37
aF/um”2

Area (N+active) 6042 50
aF/um”2

Area (P+active) 5796
aF/um”2

Area (poly) 61
aF/um”2

Area (metall)

aF/um”2

Area (metal2)

aF/um”2

Area (metal3)

aF/um”2

Area (metal4)

aF/um”2

Fringe (substrate) 417 317 21
aF/um

Fringe (poly) 67
aF/um

Fringe (metall)

aF/um

Fringe (metal2)

aF/um

Fringe (metal3)

aF/um

Fringe (metal4)

aF/um

CIRCUIT PARAMETERS UNITS
Inverters K

Vinv 1.0 1.05 Volts

Vinv 1.5 1.13 Volts

Vol (100 uA) 2.0 0.22 Volts

Voh (100 uA) 2.0 2.07 Volts

Vinv 2.0 1.19 Volts

Gain 2.0 -16.66

Ring Oscillator Freq.

DIV1024_T (31-stage,2.5) 168.69 MHz
DIV1024 (31-stage,2.5) 299.76 MHz
Ring Oscillator Power

DIV1024_T (31-stage,2.5) 0.06 uw/MH
DIV1024 (31-stage,2.5) 0.06 uw/MH

COMMENTS: DEEP_SUBMICRON
N99Y SPICE BSIM3 VERSION 3.1 PARAMETERS
SPICE 3f5 Level 8, Star-HSPICE Level 49, UTMOST Lev

* DATE: Dec 6/99

* LOT: n99y WAF: 10

* Temperature_parameters=Default
.MODEL CMOSN NMOS (

+LEVEL =49 acm =3
+VERSION = 3.1 TNOM =27
+XJ  =1E-7 NCH =2.3549E17

+K1  =0.3915623 K2 =0.0175145
+K3B =2.6588343 WO =1E-7
+DVTOW =0 DVTIW =0

+DVTO =-0.0408321 DVT1 =0.0746768

19 13 8 8 63

20 14 11 9

18 10 7 6
39 15 9 7
37 15 9
38 15
38
57 54 51 24
39 29 24 21
49 33 27 24
53 34 29
53 35

59

zlg
zlg

el 8

hdif = 0.35e-6
TOX =5.7E-9
VTHO = 0.4365497

K3 =1E-3
NLX =1.111465E-7
DVT2W =0

DVT2 =0.307109
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+U0 =407.1177485 UA  =9.442714E-11
+UC  =1.63196E-11 VSAT =1.365087E5
+AGS =0.2711719 BO =3.291713E-8
+KETA =4.645753E-3 A1 =0

+RDSW =439.9558234 PRWG =0.0345487

+WR =1 WINT =1.645705E-9

+XL =3E-8 XW =0

+DWB =1.459097E-8 VOFF =-0.1026054
+CIT =0 CDSC =1.527511E-3
+CDSCB =0 ETAO0 =1.930311E-3

+DSUB =0.0214865 PCLM =1.3387947
+PDIBLC2 = 9.034986E-3 PDIBLCB =-1E-3
+PSCBE1 =9.843289E9 PSCBE2 =2.10878E-9

+DELTA =0.01 MOBMOD =1

+UTE =-15 KTl =-0.11

+KT2 =0.022 UA1l =4.31E-9
+UCl1 =-5.6E-11 AT =3.3E4
+WLN =1 WW  =-1.22182E-16
+WWL =0 LL =0

+HLW =0 LWN =1

+CAPMOD =2 XPART =0.4
+CGSO =3.11E-10 CGBO =1E-11
+PB  =0.99 MJ  =0.457547

+PBSW =0.8507757 MJSW =0.3374073
+PRDSW =-67.2161633 PK2 =-1.344599E-3
+LKETA =-9.0406E-3 LAGS =-0.3012

*

.MODEL CMOSP PMOS (

+LEVEL =49 acm =3
+VERSION = 3.1 TNOM =27
+XJ =1E-7 NCH =4.1589E17

+K1 =0.5199897 K2 =0.0357513

+K3B =15.5613889 WO =1E-6

+DVTOW =0 DVTIW =0

+DVTO =2.6100181 DVT1 =0.4363142
+U0  =196.024903 UA =2.767112E-9
+UC  =6.166867E-11 VSAT =1.975064E5
+AGS =0.0943234 BO =3.21184E-6
+KETA =0.0312217 Al =0

+RDSW =997.072701 PRWG =-0.1916111

+WR =1 WINT =2.527293E-9
+XL =3E-8 XwW =0

+DWB =4.92072E-8 VOFF =-0.15
+CIT =0 CDSC =1.413317E-4
+CDSCB =0 ETAO0 =0.7241245

+DSUB =1.0813613 PCLM =2.0772083
+PDIBLC2 = 0.0252121  PDIBLCB =-9.960722E-4
+PSCBE1 =3.191047E10 PSCBE2 =1.323218E-8

+DELTA =0.01 MOBMOD =1
+UTE =-15 KTl =-0.11
+KT2 =0.022 UA1l =4.31E-9
+UCl1 =-5.6E-11 AT =3.3E4
+WLN =1 WwW =0
+WWL =0 LL =0

+HLW =0 LWN =1
+CAPMOD =2 XPART =0.4

+CGSO =2.68E-10 CGBO =1E-11

+PB  =0.9810285 MJ =0.4644362
+PBSW =0.9048624 MJSW = 0.3304452
+PRDSW =29.8169373 PK2 =3.383373E-3
+LKETA =-0.0208318 )

UB  =1.092986E-18
A0  =1.3189329

BT =-1E-7

A2 =1

PRWB =-0.0441065
LINT =1.116516E-9
DWG =-1.494138E-9
NFACTOR = 0.1344887
CDSCD =0

ETAB =2.946158E-4
PDIBLC1 = 0.480652
DROUT =0.5593223
PVAG =1.0033136
PRT
KT1L
UB1
WL 0
WWN  =1.2127
LLN =
LWL =
CGDO =3.11E-10

CJ =1.758521E-3
CJSW =4.085057E-10
PVTHO =7.147521E-5
WKETA = 3.035972E-3

)

.61E-18

0
0
1

0

hdif =0.35e-6

TOX =5.7E-9
VTHO =-0.6586391
K8 =0

NLX =1E-9
DVT2W =0

DVT2 =-0.042436

UB  =1.90709E-18
A0 =0.2398712

Bl =5E-6

A2 =1

PRWB =-0.495

LINT = 1.254514E-8
DWG =-3.253948E-8
NFACTOR = 1.5460516
CDSCD =0

ETAB =-0.240523
PDIBLC1 = 4.31459E-4
DROUT =0.0432774
PVAG =0.0420525
PRT
KT1L
UB1
WL
WWN
LLN
LWL
CGDO = 2.68E-10

CJ =1.902493E-3
CJSW =3.142741E-10
PVTHO =4.952976E-3
WKETA =-7.913501E-3

-7.61E-18

o
o O

OH”O
=
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Appendix 2 TSMC 0.35um Technology Model Parameters

MOSIS WAFER ACCEPTANCE TESTS
RUN: T6BC (MM_NON-EPI)
TECHNOLOGY: SCNO035 FE

COMMENTS: TSMC 035

TRANSISTOR PARAMETERS W/L  N-CHANNEL P-CHAN

MINIMUM 0.6/0.4

Vth 0.56 -0
SHORT 20.0/0.4

Idss 518 -246
Vth 059 -0
Vpt 6.5 -6
WIDE 20.0/0.4

IdsO <25 <2
LARGE 50/50

Vth 0.52 -0
Vijbkd 8.7 -8
ljlk <50.0 <50
Gamma 0.60 0
K' (Uo*Cox/2) 90.6 -32

Low-field Mobility 409.31 148
COMMENTS: Poly bias varies with design technology.
bias use the appropriate value for the p

SPICE model card.
Design Technology

SCMOS_SUBM (lambda=0.20)

thick oxide
SCMOS (lambda=0.25)
thick oxide
FOX TRANSISTORS GATE N+ACTIVE P+ACT
Vth Poly >10.0 <-10

PROCESS PARAMETERS N+ P+ POLY POLY2
UNITS

Sheet Resistance 80.4 154.6 8.5 46.8

ohms/sq

Contact Resistance 66.9 128.2 6.9 37.6

Gate Oxide Thickness 78

PROCESS PARAMETERS M4 POLY2 _ME N\PLY
Sheet Resistance 0.04 1045
Contact Resistance 1.11

COMMENTS: N\POLY is N-well under polysilicon.

VENDOR: TSMC
ATURE SIZE: 0.35 microns

NEL UNITS

.73 volts

UA/um
.71 volts
.2 volts

.5 pA/um

.71 volts
.5 volts
.0 pA

.37 VMN0.5

.9 UuA/NN2
.63 cm”2/V*s

To account for mask
arameter XL in your

XL (um) XW (um)

-0.05 0.15
-0.10 0.15
-0.15 0.15
-0.25 0.15

IVE UNITS

.0 volts

M1 M2 M3

0.07 0.07 0.07

1.27 1.09 ohms
angstrom

N_W  UNITS
1002 ohms/sq
ohms
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CAPACITANCE PARAMETERS N+ P+ POLY POLY2 M1
UNITS

Area (substrate)
aF/um”2

Area (N+active) 4449 35
Area (P+active) 4514

Area (poly) 905 48
Area (poly2) 46

Area (metall)

Area (metal2)

Area (metal3)

Fringe (substrate) 306 337 44
Fringe (poly) 62
Fringe (metall)

Fringe (metal2)

Fringe (metal3)

929 1411 109 26

Overlap (N+active) 311

Overlap (P+active) 408

CIRCUIT PARAMETERS UNITS
Inverters K

Vinv 1.0 1.24 volts

Vinv 15 1.38 volts

Vol (100 uA) 2.0 0.21 volts

VVoh (100 uA) 2.0 2.93 volts

Vinv 2.0 1.48 volts

Gain 20 -16.72

Ring Oscillator Freq.

DIV256 (31-stg,3.3V) 188.09 MHz
D256_THK (31-stg,5.0V) 121.01 MHz
Ring Oscillator Power

DIV256 (31-stg,3.3V) 0.15 uW/MH
D256_THK (31-stg,5.0V) 0.31 uW/MH

COMMENTS: SUBMICRON
T6BC SPICE BSIM3 VERSION 3.1 PARAMETERS
SPICE 3f5 Level 8, Star-HSPICE Level 49, UTMOST Lev

* DATE: Jan 18/07

*LOT: T6BC WAF: 5004
* Temperature_parameters=Default
.MODEL CMOSN NMOS (

+VERSION = 3.1 TNOM =27

+XJ  =1E-7 NCH =22E17

+K1 =0.6147836 K2 =2.867694E-4
+K3B =-10 WO  =2.600765E-5
+DVTOW =0 DVTIW =0

+DVTO =4.2158797 DVT1 =0.6077768
+U0  =358.2644557 UA  =-7.65556E-10
+UC  =1.641937E-11 VSAT =1.374794E5
+AGS =0.1809739 BO =8.878483E-7
+KETA =8.10016E-4 Al =3.993837E-4
+RDSW =544.6941443 PRWG =0.1796386

+tWR =1 WINT = 1.354508E-7
+XL =-5E-8 XW  =15E-7
+DWB =7.151736E-9 VOFF =-0.0672255

+CIT =0 CDSC =24E4

+CDSCB =0 ETAO0 =0.1063985
+DSUB =0.4931007 PCLM =2.6057248
+PDIBLC2 = 2.180112E-3 PDIBLCB =0.1
+PSCBE1 =7.320236E8 PSCBE2 = 1E-3

M2 M3 M4 N_W
12 7 6 111
16 11 9 aF/um”™2
aF/um”2
aF/um”2
aF/lum”2
35 14 8 aF/um™2
35 13 aF/lum”2
33 aF/um”2
32 23 13 aF/um
37 28 23 aF/um
54 36 26 aF/um
53 34 aF/um
51 aF/um
aF/um
aF/um

15 9 7

z/gate
z/gate

el 8

LEVEL =49
TOX =7.8E-9
VTHO =0.4761483

K3 =100
NLX =2.25701E-7
DVT2W =0

DVT2 =-0.048051

UB  =2.054672E-18
AO 1.2164483

Bl 5E-6

A2  =0.4923356
PRWB =-0.0911284
LINT = 1.454983E-9
DWG =-7.29699E-10
NFACTOR = 1.2933668
CDSCD =0

ETAB =-0.0141482
PDIBLC1 = 1.271824E-3
DROUT =4.431661E-4
PVAG =9.330174E-3
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+DELTA =0.01 RSH =804
+PRT =0 UTE =-15

+KT1L =0 KT2 =0.022

+UB1 =-7.61E-18 UC1 =-5.6E-11
+WL =0 WLN =1

+WWN = WWL =0

+LLN =1 LW =0

+LWL =0 CAPMOD =2

+CGDO =3.11E-10 CGSO =3.11E-10
+CJ =9.16922E-4 PB =0.8

+CJSW =3.291571E-10 PBSW =0.8
+CIJSWG = 1.82E-10 PBSWG =0.8

+CF =0 PVTHO =-0.0139075

+PK2 =2.359942E-3 WKETA =6.320378E-4

.MODEL CMOSP PMOS (

+VERSION = 3.1 TNOM =27

+XJ  =1E-7 NCH =8.52E16

+K1  =0.4286847 K2  =-5.542793E-3
+K3B =-5 W0  =7.054287E-6
+DVTOW =0 DVTIW =0

+DVTO0 =1.7876132 DVT1 =0.5369794
+U0  =149.2330772 UA =1E-10

+UC  =-2.41558E-11 VSAT =1.540022E5
+AGS =0.2670643 BO =2.609264E-6
+KETA =-3.612338E-3 Al =2.72138E-4
+RDSW =3.156499E3 PRWG =-0.1013163

+tWR =1 WINT = 1.342653E-7
+XL  =-5E-8 XW  =1.5E-7

+DWB =1.491485E-8 VOFF =-0.122767
+CIT =0 CDSC =24E-4

+CDSCB =0 ETAO =0.099556

+DSUB =0.6275991 PCLM =5.5082963
+PDIBLC2 = 0.0117981 PDIBLCB =0.1

+PSCBE1 =8E10 PSCBE2 =5.027754E-10
+DELTA =0.01 RSH =154.6

+PRT =0 UTE =-15

+KT1L =0 KT2 =0.022

+UB1 =-7.61E-18 UC1 =-5.6E-11

+WL =0 WLN =1

+WWN =1 WWL =0

+LLN =1 LW =0

+LWL =0 CAPMOD =2

+CGDO =4.08E-10 CGSO =4.08E-10
+CJ =1413322E-3 PB =0.99

+CJSW =2.978864E-10 PBSW =0.99
+CISWG =4.42E-11 PBSWG =0.99

+CF =0 PVTHO = 7.800191E-3

+PK2 =2.25328E-3 WKETA =-4.072642E-5

MOBMOD =1
KT1 =-0.11
UA1 =431E-9
AT =3.3E4
wWww =0

LL =0

LWN =1
XPART =0.5

CGBO =1E-12

MJ  =0.3478704
MJISW =0.1145248
MISWG =0.1145248
PRDSW =-47.7936722
LKETA =-4.325395E-3)

LEVEL =49

TOX =7.8E-9

VTHO =-0.6513775
K3 =97.1641761
NLX =2.516648E-7
DVT2W =0

DVT2 =3.747654E-3
UB  =1.535287E-18
A0  =0.7990549

Bl =5E-6

A2  =0.9725641
PRWB =0.0728675
LINT =0

DWG =-9.772747E-9
NFACTOR = 1.9970207
CDSCD =0

ETAB =2.606693E-3
PDIBLC1 = 9.987419E-4
DROUT =3.141427E-6
PVAG =9.6519816

MOBMOD =1
KT1 =-0.11
UA1 =431E-9
AT =3.3E4
ww =0

LL =0

LWN =1
XPART =0.5

CGBO =1E-12

MJ  =0.5609267
MJISW =0.3817474
MISWG =0.3817474
PRDSW =29.6696742
LKETA =-6.119295E-3)
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Appendix 3 ON SEMI 0.5um Technology Model Parametey

MOSIS PARAMETRIC TEST RE

RUN: T15M
TECHNOLOGY: SCNO05 EAT

INTRODUCTION:

This report contains the lot average results obtain

measurements of MOSIS test structures on each wafer
lot. SPICE parameters obtained from similar measure
wafer are also attached.

COMMENTS: American Microsystems, Inc. C5N

TRANSISTOR PARAMETERS W/L  N-CHANNEL P-CHAN

MINIMUM 3.0/0.6

Vth 0.81 -0
SHORT 20.0/0.6

Idss 465 -2

Vth 0.70 -0

Vpt 10.0 -1
WIDE 20.0/0.6

IdsO <25 <2
LARGE 50/50

Vth 0.72 -0.
Vjbkd 11.6 -11
ljlk <50.0 <50
Gamma 0.47 0.
K' (Uo*Cox/2) 58.6 -19
Low-field Mobility 471.78 155

COMMENTS: Poly bias varies with design technology.
etch bias use the appropriate value for t
SPICE model card.

Design Technology
SCN_SUBM (lambda=0.30)
AMI_C5
SCN (lambda=0.35)

FOX TRANSISTORS
Vth Poly

GATE  N+ACTIVE P+ACT
>15.0 <-15

SULTS

VENDOR: AMI
URE SIZE: 0.5 microns

ed by MOSIS from

of this fabrication
ments on a selected

NEL UNITS

.92 volts

57 uA/um
.90 volts
0.0 volts

.5 pA/um

94 volts
.6 volts
.0 pA

57 V70.5

.3 UA/NVN2
.38 cm”2/V*s

To account for mask and
he parameter XL in your

IVE UNITS
.0 volts

PROCESS PARAMETERS N+ACTV P+ACTV POLY PLY2_HR P OLY2 MTL1 MTL2 UNITS

Sheet Resistance 80.1 104.1 21.6 1097 4
Contact Resistance 60.9 143.2 15.8 2

Gate Oxide Thickness 139 angstrom

1.1 0.08 0.09 ohms/sq
7.3 0.79 ohms
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PROCESS PARAMETERS MTL3 N\WPLY N W
Sheet Resistance 0.05 831 82
Contact Resistance 0.76

COMMENTS: N\POLY is N-well under polysilicon.

ELL UNITS
8 ohms/sq
ohms

CAPACITANCE PARAMETERS N+ACTV P+ACTV POLY POLY2 ML M2 M3 N_WELL UNITS

Area (substrate) 428 731 88 3

Area (N+active) 2491 3
Area (P+active) 2425

Area (poly) 881 5
Area (poly2) 4

Area (metall)

Area (metal2)

Fringe (substrate) 322 262 7
Fringe (poly) 6
Fringe (metall)

Fringe (metal2)

Overlap (N+active) 207

Overlap (P+active) 238
CIRCUIT PARAMETERS UNITS
Inverters K

Vinv 1.0 2.13 volts

Vinv 1.5 2.39 volts

Vol (100 uA) 2.0 0.23 volts

Voh (100 uA) 2.0 4.76 volts

Vinv 2.0 2.57 volts

Gain 20 -21.19

Ring Oscillator Freq.

DIV256 (31-stg,5.0V) 98.00 MHz
D256_WIDE (31-stg,5.0V) 151.14 MHz
Ring Oscillator Power

DIV256 (31-stg,5.0V) 0.49 uw/MH
D256_WIDE (31-stg,5.0V) 1.02 uW/MH

COMMENTS: SUBMICRON
T15M SPICE BSIM3 VERSION 3.1 PARAMETERS

SPICE 3f5 Level 8, Star-HSPICE Level 49, UTMOST Lev

* DATE: Jul 20/01

*LOT: T15M WAF: 0206

* Temperature_parameters=Default

.MODEL CMOSN NMOS (

+VERSION = 3.1 TNOM =27

+XJ  =15E-7 NCH =1.7E17

+K1 =0.8896025 K2 =-0.0979155
+K3B =-7.7691025 WO =1E-8
+DVTOW =0 DVT1IW =0

+DVTO =2.876542 DVT1 =0.4218664
+UO0  =451.8826245 UA =1E-13

+UC  =1.893684E-11 VSAT =1.704053E5
+AGS =0.1198161 BO =2.705871E-6

2 16 10 41 aF/um”2
6 16 12 aF/lum”2

aF/lum”2
216 9 aF/lum”2
7 aF/um”2

32 13 aF/um”2
36 aF/lum”2
6 59 40 aF/um
1 38 28 aF/um
53 34 aF/um

51 aF/um
aF/um
aF/um

z/gate

z/gate

el 8

LEVEL =49

TOX =1.39E-8
VTHO =0.6516076
K3  =23.8061513
NLX =1E-9

DVT2W =0

DVT2 =-0.1397962
UB  =1.489875E-18
A0  =0.5662277

Bl =5E-6
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+KETA =-2.301173E-3 Al =7.285662E-5
+RDSW =1.159376E3 PRWG =0.0531026

+tWR =1 WINT =2.360078E-7
+XL =0 XW =0

+DWB =5.50766E-8 VOFF =0

+CIT =0 CDSC =2.4E-4
+CDSCB =0 ETAO =1.688074E-3

+DSUB =0.1390103 PCLM =2.4002094
+PDIBLC2 = 2.163004E-3 PDIBLCB =-0.118451
+PSCBE1 =5.569704E8 PSCBE2 = 5.935496E-5

+DELTA =0.01 RSH =80.1
+PRT =0 UTE =-15

+KT1L =0 KT2 =0.022

+UB1 =-7.61E-18 UC1 =-5.6E-11
+WL =0 WLN =1

+WWN =1 WWL =0

+LLN =1 LW =0

+LWL =0 CAPMOD =2

+CGDO =2.07E-10 CGSO =2.07E-10
+CJ =4.256515E-4 PB =0.99

+CJSW =3.329281E-10 PBSW =0.1
+CIJSWG = 1.64E-10 PBSWG =0.1

+CF =0 PVTHO =0.0661673

+PK2 =-0.0327168 WKETA =-0.0250765

)

.MODEL CMOSP PMOS (

+VERSION = 3.1 TNOM =27

+XJ  =1.5E-7 NCH =1.7E17

+K1  =0.5493891 K2 =8.966666E-3
+K3B =-0.5844741 WO =1E-8
+DVTOW =0 DVTIW =0

+DVTO =2.6496816 DVT1l =0.5037615
+U0 =216.8004604 UA  =2.933658E-9
+UC  =-5.60899E-11 VSAT =2E5
+AGS =0.1446194 BO =8.79758E-7
+KETA =-3.911589E-3 Al =0

+RDSW =3E3 PRWG =-0.054537
+WR =1 WINT = 2.899182E-7
+XL =0 XW =0

+DWB =2.330863E-8 VOFF =-0.063762
+CIT =0 CDSC =24E-4

+CDSCB =0 ETAO0 =0.0228777
+DSUB =1 PCLM =2.0845927

+PDIBLC2 = 5.000285E-3 PDIBLCB = -0.0444413
+PSCBE1 =1.444005E10 PSCBE2 = 1.405429E-9

+DELTA =0.01 RSH =104.1
+PRT =0 UTE =-15

+KT1L =0 KT2 =0.022

+UB1 =-7.61E-18 UC1 =-5.6E-11
+WL =0 WLN =1

+WWN =1 WWL =0

+LLN =1 Lw =0

+LWL =0 CAPMOD =2

+CGDO =2.38E-10 CGSO =2.38E-10
+CJ =7.275007E-4 PB  =0.9494394
+CJSW =2.884359E-10 PBSW =0.99
+CIJSWG =6.4E-11 PBSWG =0.99

+CF =0 PVTHO =5.98016E-3

+PK2 =3.73981E-3 WKETA =5.957334E-3

A2  =0.3586004
PRWB =0.0349044
LINT =2.450767E-8
DWG =-1.296776E-8
NFACTOR = 0.821639
CDSCD =0

ETAB =-8.785487E-4
PDIBLC1 = -0.0558623
DROUT =0.385872

PVAG =0
MOBMOD =1
KT1 =-0.11
UA1 =431E-9
AT =3.3E4
wWww =0

LL =0

LWN =1
XPART =0.5
CGBO =1E-9

MJ  =0.447835
MJISW =0.1169342
MISWG =0.1169342
PRDSW =201.5784264
LKETA =6.176997E-3

LEVEL =49

TOX =1.39E-8
VTHO =-0.9259178
K3  =8.9116777
NLX  =7.795747E-8

DVT2W =0

DVT2 =-0.0963638
UB =1E-21

A0  =0.8656114
Bl =5E-6

A2 =03

PRWB =-0.0379172
LINT =4.581285E-8
DWG =-1.617949E-8
NFACTOR = 0.9168444
CDSCD =0

ETAB =-0.112099
PDIBLC1 = 0.1016884
DROUT =0.292315

PVAG =0
MOBMOD =1
KT1T =-0.11
UA1 =431E-9
AT =3.3E4
WwW =0

LL =0

LWN =1
XPART =0.5
CGBO =1E-9

MJ  =0.4937011
MJIJSW = 0.3331605
MJIJSWG = 0.3331605
PRDSW =14.8598424
LKETA =-3.385326E-3)
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Appendix 4 ON SEMI 1.5 um Technology Model Paramets

MOSIS WAFER ACCEPTANCE TESTS

RUN: T83T VENDOR: AMIS
TECHNOLOGY: SCN15 FEATURE SIZE: 1.6
microns
INTRODUCTION: This report contains the lot average results obtained by
MOSIS from measurements of MOSIS test struc tures on each wafer of
this fabrication lot. SPICE parameter s obtained from similar
measurements on a selected wafer are also attached.

COMMENTS: SCNA16_AMIS

TRANSISTOR PARAMETERS W/L  N-CHANNEL P-CHANNE L UNITS

MINIMUM 4.0/1.6
Vth 059 -1.0 3 volts
SHORT 20.0/1.6
Idss 187 -69 UuA/um
Vth 055 -0.9 8 volts
Vpt 10.0 -10.0 volts
WIDE 20.0/1.6
IdsO <25 <25 pA/um
LARGE 50/50
Vth 059 -0.9 3 volts
Vjbkd 16.6 -14.8 volts
ljlk <50.0 <50.0 pA
Gamma 064 04 8 V~0.5
K' (Uo*Cox/2) 354 -11.6 UA/NVN2
Low-field Mobility 64791 2123 1 cm”2/V*s
COMMENTS: Poly bias varies with design technology. To account for mask
bias use the appropriate value for the p arameter XL in your
SPICE model card.
Design Technology XL (um)
SCN (lambda=0.8) 0.00
POLY2 TRANSISTORS W/L  N-CHANNEL P-CHANNE L UNITS
MINIMUM 4.8/3.2
Vth 093 -11 7 volts
SHORT 9.6/3.2
Vth 092 -11 3 volts
LARGE 28.8/28.
Vth 093 -11 2 volts

K" (Uo*Cox/2) 21.1  -6.5 UA/NV"2
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FOX TRANSISTORS GATE N+ACTIVE P+ACTIV E UNITS

Vth Poly >15.0 <-15.0 volts

BIPOLAR PARAMETERS WI/L NPN UNITS

2X1 2X1

Beta 124

V_early 41.7 volts

Vce,sat 0.2 volts

2X2 2X2

Beta 125

V_early 41.4 volts

Vce,sat 0.2 volts

2X4 2X4

Beta 129

V_early 41.2 volts

Vce,sat 0.2 volts

2X8 2X8

Beta 125

V_early 41.4 volts

Vce,sat 0.2 volts

BVceo 13.5 volts

BVchbo 30.0 volts

BVebo 8.1 volts
PROCESS PARAMETERS N+ P+ POLY POLY2 P BASE M1 M2
UNITS

Sheet Resistance 53.2 77.3 259 214 2236.0 0.05 0.03
ohms/sq

Contact Resistance 54.3 42.6 24.9 155 0.05 ohms

Gate Oxide Thickness 316 angstrom

PROCESS PARAMETERS N_W  UNITS
Sheet Resistance 1533 ohms/sq

Contact Resistance ohms

CAPACITANCE PARAMETERS N+ P+ POLY POLY2 M1 M2 N_W
UNITS

Area (substrate) 290 304 37 37 24 16 112 aF/lum”2
Area (N+active) 1094 696 52 27 aF/um”2
Area (P+active) 1079 690 aF/um”2
Area (poly) 581 46 23 aF/um”2
Area (poly2) 47 23 aF/um”2
Area (metall) 38 aF/um”2
Fringe (substrate) 73 157 30 26 aF/um
Fringe (poly) 60 43 aF/um
Fringe (metall) 55 aF/um
Overlap (N+active) 256 aF/um
Overlap (P+active) 265 aF/um
CIRCUIT PARAMETERS UNITS

Inverters K

Vinv 1.0 1.78 volts

Vinv 15 2.06 volts

Vol (100 uA) 2.0 0.42 volts

Voh (100 uA) 2.0 4.31 volts

Vinv 2.0 2.25 volts

Gain 20 -1542

Ring Oscillator Freq.
DIV64 (31-stg,5.0V) 40.32 MHz
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Ring Oscillator Power

DIV64 (31-stg,5.0V) 1.50 uW/MHz/

T83T SPICE LEVEL3 parameters are available for cla
purposes but not for actual IC design work.

* DATE: Apr 21/08

*LOT: T83T WAF: 9102
* DIE: N_Area_Fring DEV: N3740/10
* Temp= 27

.MODEL CMOSN NMOS (

+TOX =3.16E-8 NSUB =1.076635E16
+PHI =1 VTO =0.6139639

+UO =540.5166232 ETA =7.102441E-4
+KP =7.372278E-5 VMAX =2.603588E5
+RSH =22.1568863 NFS =5.567912E11
+XJ =3E-7 LD =8.001696E-15

+ CGDO =2.56E-10 CGSO =2.56E-10
+CJ =2872567E-4 PB =0.8226187

+ CIJSW =1.141246E-10 MJSW =0.05

*

* DATE: Apr 21/08

*LOT: T83T WAF: 9102
* DIE: P_Area_Fring DEV: P3740/10
* Temp= 27

.MODEL CMOSP PMOS (

+TOX =3.16E-8 NSUB =1E17

+PHI =0.7 VTO =-0.9427842

+UO =101.6231199 ETA =1.439377E-4
+KP =2421504E-5 VMAX =1.341191E5
+RSH =0 NFS =5.548753E11

+XJ =2E-7 LD =1.00095E-14

+ CGDO =2.65E-10 CGSO =2.65E-10
+CJ =3.018089E-4 PB =0.8

+ CJSW =1.586951E-10 MJSW = 0.0859905

*

T83T SPICE BSIM3 VERSION 3.1 PARAMETERS
SPICE 3f5 Level 8, Star-HSPICE Level 49, UTMOST Lev

* DATE: Apr 21/08

*LOT: T83T WAF: 9102

* Temperature_parameters=Default

.MODEL CMOSN NMOS (

+VERSION = 3.1 TNOM =27

+XJ =3E-7 NCH =7.5E16

+K1 =0.9035181 K2 =-0.0643307
+K3B =-2.8027479 WO =3.208573E-6
+DVTOW =0 DVTIW =0

+DVTO =0.7417824 DVT1 =0.4992713
+U0 =668.7098806 UA  =1.606939E-9
+UC  =2.084488E-11 VSAT =1.15642E5
+AGS =0.0735062 BO =2.123316E-6
+KETA =-3.240368E-3 A1 =0

+RDSW =3E3 PRWG =-0.0295407

+WR =1 WINT = 6.860525E-7

+XL =0 XW =0

+DWB =2.909887E-8 VOFF =-0.0475545
+CIT =0 CDSC =2.230152E-6

+CDSCB =1.055349E-4 ETAO =-0.0329209
+DSUB =5.634216E-3 PCLM =0.1186109

gate

ssroom instructional

LEVEL =3

GAMMA =0.7683227
DELTA = 0.6363466

THETA =0.0725637

KAPPA =0.5

TPG =1

WD =6.432153E-7
CGBO =1E-10

MJ =05

)

LEVEL =3

GAMMA =0.4983453
DELTA =0.3016627
THETA =0.1285575

KAPPA =50
TPG =-1
WD = 9.558722E-7

CGBO =1E-10
MJ  =0.4534709
)

el 8

LEVEL =49

TOX =3.16E-8

VTHO =0.5532293
K3  =2.5479002

NLX =2.437748E-8
DVT2W =0

DVT2 =-0.4963435
UB =1.161183E-18
A0  =0.5520578

Bl =5E-6

A2 =1

PRWB =-0.0293523
LINT = 2.905606E-7
DWG =-2.112208E-8
NFACTOR = 0.7389868
CDSCD = 2.587466E-6
ETAB =-6.587451E-3
PDIBLC1 = 0.0110461



+PDIBLC2 = 3.644817E-3 PDIBLCB =-0.1

+PSCBE1 =2.153596E9 PSCBE2 = 5.005E-10

+DELTA =0.01 RSH =53.2
+PRT =0 UTE =-15

+KT1L =0 KT2 =0.022

+UB1 =-7.61E-18 UC1 =-5.6E-11
+WL =0 WLN =1

+WWN =1 WWL =0

+LLN =1 Lw =0

+LWL =0 CAPMOD =2

+CGDO =2.56E-10 CGSO = 2.56E-10
+CJ  =2.823234E-4 PB  =0.99

+CJSW  =1.292241E-10 PBSW =0.99
+CJSWG =6.4E-11  PBSWG =0.99
+CF =0 )

*

.MODEL CMOSP PMOS (

+VERSION = 3.1 TNOM =27

+XJ  =3E-7 NCH =2.4E16

+K1 =0.4513608 K2 =2.379699E-5
+K3B =-2.2238332 WO =9.577236E-7
+DVTOW =0 DVTIW =0

+DVTO =2.8137786 DVT1 =0.7604621
+U0  =236.8923827 UA = 3.833306E-9
+UC  =-1.08562E-10 VSAT =1.159861E5
+AGS =0.259481 BO = 3.299132E-6
+KETA =0.832612E-4 Al =0

+RDSW =3E3 PRWG =0.0729646
+tWR =1 WINT = 7.565065E-7

+XL =0 XW =0

+DWB =3.857544E-8 VOFF =-0.0877184
+CIT =0 CDSC =2.924806E-5

+CDSCB =1.091488E-4 ETAO0 =0.25103
+DSUB =0.2873 PCLM =6.403032E-10
+PDIBLC2 = 3.271335E-3 PDIBLCB = -1E-3

+PSCBE1 =3.515038E9 PSCBE2 =5.273648E-10

+DELTA =0.01 RSH =773
+PRT =0 UTE =-15

+KT1L =0 KT2 =0.022

+UB1 =-7.61E-18 UC1 =-5.6E-11
+WL =0 WLN =1

+WWN =1 WWL =0

+LLN =1 Lw =0

+LWL =0 CAPMOD =2

+CGDO =2.65E-10 CGSO = 2.65E-10
+CJ =3.017493E-4 PB =0.8
+CJSW =1.634365E-10 PBSW =0.99
+CJSWG =3.9E-11  PBSWG =0.99
+CF =0 )

DROUT =0.0795384
PVAG =0.2222499

MOBMOD =1
KT1T =-0.11
UA1 =431E-9
AT =3.3E4
WwW =0

LL =0

LWN =1
XPART =0.5
CGBO =1E-9
MJ  =0.547221
MJSW =0.1
MIJSWG =0.1
LEVEL =49

TOX =3.16E-8

VTHO =-0.8476404
K3  =13.3278347
NLX =1E-6

DVT2W =0

DVT2 =-0.052421

UB  =1.487688E-21
A0  =0.9443065

Bl =5E-6

A2 =0.364

PRWB =-0.1851255
LINT = 1.415433E-7
DWG =-2.13917E-8
NFACTOR = 0.2508342
CDSCD =1.497572E-4
ETAB =4.268713E-3
PDIBLC1 = 7.477411E-4
DROUT =1E-3

PVAG =14.985

MOBMOD =1
KT1T =-0.11
UA1 =431E-9
AT =3.3E4
WwW =0

LL =0

LWN =1
XPART =0.5
CGBO =1E-9

MJ  =0.4487672
MJIJSW =0.1219817
MJIJSWG =0.1219817
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