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Abstract

This chapterdescribeshe useof geneticalgorithmswith the conceptof nich-
ing for theconceptuatiesignof superconductingragnetgor theLargeHadron
Collider, LHC at CERN. The methodprovidesthe designemwith a numberof
possiblesolutionswhich canthen be further optimizedfor field quality and
manugcturability

1 Theconceptual design phase

A particularity of the conceptuabesignphases the “fuzziness”of the objectvesandconstraints.The
main objectives area small contentof unwantedfield errorsin the maindipole field, low sensitvity of
thefield quality to manufcturingerrors,easymanufcturing,andpossibility to tunethe geometryafter
the pre-seriesnanufctureof the magnetsThe“fuzziness”in theseobjectvesis dueto thefactthatit is
difficult to mathematicallyformulateall objectves.

e Theamountof unwantedmultipolesis expressedy the coeficientsof the Fourier seriesexpan-
sion of theradialfield componenin the aperturewherein the assumedgymmetriccaseonly the
odd b,, (coeficientsof the sineterms)areto be minimized. However, usinggoal programming
methodgheweightfor thecomponentshaving differentsensitvity hasto befoundin aniterative
procedureastheeffectsof the componentfiave to be examinedusingbeamtracking.

e As the electro-magnetidorcesare enormoug@about4000 kN/m radially) the local force distri-
bution in the coil collar structurehasto be optimized. However, this requirescomputationsof
coupledelectro-magnetimechanicaproblems.

e Manufacturing considerationsnclude easeof the coil winding and collaring, i.e. geometrical
constrainton the pole angle. Settingtoo mary geometricalkconstraintgesultsin ill-conditioned
optimizationproblems.

¢ Requirementsoncerninghe protectionof the superconductingoilsincludelow inductanceand
a smallcurrentdensityin the copperstabilizerat a quench.Theserequirementsarepartly contra-
dictory aswith fewer turnsthe operatingcurrentincreases.The calculationof peakvoltageand
temperaturén the coils duringa quenchthereforerequiresnetwork analysisandheatpropagation
calculations.

e During manugcturing, systematicerrorsoccur due to the appliedtooling. After the pre-series
constructionof the magnetghe coils have to be repositionedo compensatéor thesesystematic
errors.It will beimpossiblego changahetopologyof thecoil whichthereforehasto have sufiicient
flexibility for adjustments.

An optimizationmethodis thereforerequiredthatnot only corvergestowardsa “global” optimum
but providesthe userwith a numberof proposalglocal minima) which canthenbe “post-processed”
usingdifferentmethodsandtools.
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2 The optimization problem

The designvariablesfor the optimizationproblemare the numberof turnsper coil block 72, the posi-
tioning andinclination anglesof the blocks X, andthe current/ in eachturn. The currenthasto be
includedas a designvariablein the optimizationin orderto guaranteean operationpoint not higher
than 95% on the load-line of the superconductingvires, which dependson the local magneticfield.
The magnetizatiorof the iron yoke with an inner radiusof 98.5mm is calculatedby meansof a re-
ducedvector potentialfinite-elementformulation [4], [5] which doesnot requirethe meshingof the
coil, asthe sourcetermscaneasilybe calculatedusingBiot-Savart’s law. With arelatively sparsemesh
with 1725nodesandquadrilateraliso-parametrielementghe computingtime for the nonlinearprob-
lem is about20 seconddor eachfunction evaluationon a 333 MHz DEC alphastation. The factthat
the coils don't have to be mesheds importantbecausehe topology of the coil is changedduring the
optimizationprocessby omitting and addingconductorgo coil blocks. The objective function reads:

min {top (QM —0.05) + tlBi% + 27111:375.” tng—’%} wherethe coeficientst; fit the sensitvities of the

componentsandthe penaltyfunctionp(x) = 22 for x < 0 guaranteea quench-magin QM of atleast
5%.

3 Genetic algorithms

For the minimization of the resultingobjective function geneticalgorithmsare used. The first stepsto
the developmentof geneticalgorithmsweresetin thefifties whenmodelsfor biological processesvere
sought. Thoughat thattime not aptfor function optimizationthe potentialof adaptionwasrecognized
andwasevaluatedby puttingthemodelson afirm basisby Holland[1]. Sincethentheresearctonthose
proceduresneanwhilecalledgeneticalgorithmsboosted|2, 3] Increasingcomputingcapabilitiesnowa-
daysallow for complex problemsolvingandglobaloptimizationin multidimensionafunctionspaces.

Sincestandardyeneticalgorithmswork on the bit-level an encodingfor the parameterss neces-
sary Realvariableshave to bequantizednto integers.Thenall integersareGrey-encodedo provide for
betterbehaior of the geneticalgorithm. Puton this basis,geneticalgorithmsdo not have to careabout
the propertiesof the parameteranymoreandcandirectly operateon their encodingasbit-strings.

© lo% N, 1 01011 11101 011 01011
! ! ! ! ! decoding !
10011 01001 101 11011 01101 10110 010 01101
! encoding ! ! ! | !
11010 01101 111 10110 © a N, I
! ! |
GeneticAlgorithm new designs

3.1 Quantization

Quantizationis achievzed by linear samplingof the parameterange. The parametemappingis defined
by giving lower andupperboundsaswell asthe rangefor theintegers.In the currentapproachhefull
integerrangeof n bits with 2" valuesis used.The quantizatiorhasto be choserfine enoughasto limit
the quantizatiorerrors. The chromosomesarethenfound by Grey-encodingtheseintegersandpacking
themtogetherinto a bit-stringwherethe leasthnumberof necessaryits is used.
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3.2 Grey-coding

Thoughtheintegersasfound by the quantizationcould beimmediatelyusedasa parameterepresenta-
tion, afurthercodingstepwasintroducedmproving the quality of the optimizationprocess According
to the following table (shavn in Fig. 3.2 for only 4 bits) eachbit combinationis uniquelytransformed
into another This schemas calledGrey-coding.

binary Grey binary Grey
0 0000 — 0000 8 1000 — 1100
1 0001 0001 9 1001 1101
2 0010 0011 10 1010 1111
3 0011 0010 11 1011 1110
4 0100 0110 12 1100 1010
5 0101 0111 13 1101 1011
6 0110 0101 14 1110 1001
7 0111 0100 15 1111 1000

Thecodingis achiezed by a bit-shift right andexclusive-or of theunshiftedandthe shiftedversion
of the binary code. Decodingproceedsy multiply shifting right and exclusive-or operationson the
shiftedversions.

Example:13: coding decoding
1101 1011

0110 eor 0101 eor

1011 0010 eor

0001 eor
1101

The adwantageof Grey-codesis becausechromosomegloseto eachotherin parameterspace
shav similar patternswith higherprobability For examplethe codesof decimal3 and4,011and100in
abinaryrepresentatiodiffer in 3 bits, but 010and110asGrey-encodedliffer only in onebit. Theother
way roundthis meanghatmutationproducesearbystringswith higherprobability

Neverthelesghe percentagef closestringsafter a one bit changeis dependenbn the overall
numberof bits n sincenormally only two stringsareclosein Grey-codesandonly onein binarycodes,
but all therestof bit changess furtherdistantasfor example0000and1000is 0 and8in binaryor even
0Oand15in Grey-codes.

3.3 Operators

Geneticalgorithmsare driven by 3 main operators selection,crosseer and mutation. The selection
operatorguaranteesorvergenceto an optimumby keepingthe betterchromosomesanddiscardingthe
lessfit ones. A standardmethodis fairy-wheelselectionwherechromosomesare chosenproportional
to their fitnessvalue. Sincethis mechanisnis sensibleto the quality of the fithessfunctionthe simpler
alternatve of retainingthe betterhalf of the populationmay give betterresults. Diversity is reduced
generatiorby generatiorthusleadingto a singlesolution.

Crosseeris arecombinatiorof bit stringsof two chromosomeby swappingthestringsatrandom
points. This is the majorinfluencedirectingthe searchprocesgo goodsolutions. A recombinatiorof
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goodparametersf any chromosomavith goodparametersf anothershouldleadto a betterset[1]. The
type of crosseer which is normally considereds single-pointcrosseer. Two chromosomesiretaken
outof thegene-pool A certainsplitting pointis determined Eachchromosomess cut at this pointand
recombinedwith the partof the otherchromosome.

chrl:110101001@101D01 1101010010 1011010 110101001a011A0
= X =
chr2:101011010011A0 1010110100 0101101 101011010m101D1

Fig. 1: Single-pointcrosseer of two chromosomes

As shown in Fig. 3.3 the bits on the lefthandsideof chromosomeél are connectedo the bits on
the righthandsideof chromosome? andvice versa. This exchangeresultsin two probablynew chro-
mosomeswhich resemblegwo parametesetsthat area combinationof two differentearlierparameter
sets. Taking a closerlook on the effectsof the operatoron the parametesetsitself we seeaswell that
cuttingthechromosomemtroducessomerandomnesgegardingthe very parametethatmaybe split by
the operation.This effectis owing to the bit representationf the parametesets.Implementatioron a
parametefevel canavoid this randombehaior but sincerandomnesss introducedby otheroperators
on purposethereis notmuchreasorto do so.

lllustrating single point crosseer in a pseudo4-dimensionalattice (Fig. 2) shavs thatsuchan
operatorproducesoffspring on one of two trajectorieswhereaswo point cross@er covers additional
points (here: 0000and 1011). Neverthelesghe larger spaceof possibleoffspring dueto 2 crosseer
pointscanbe equallyproducedby two successk iterationsusingsinglepoint crosseer. This certifies
onthebit-level thatthe offspringsarenot fully random.

1110

1111

1100

1011

1000

Fig. 2: Hypercubewith transitionpatternsfor singlepoint crosseer of 0010and1001

After selectionandcrosseer, genesarechoserfor mutation. The effect of the mutationoperator
is twofold. Firstit avoidspreliminarycorvergenceof the entirepopulationtowardsalocal minimumand
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secondlyit improveslocal convergenceby a hill-climbing like mechanism.Thoughboth mechanisms
seemto be contradictorythey resultfrom the differentsignificanceof bits in the bit-string.

3.4 Niching

Thoughmostshortcoming®f usingdeterministicalgorithmsarealreadyovercomeby the standardgro-
cedureafew problemspersist:

e Becausef the differentsensitvity of the multiple objectivesin the differentsub-domain®f the
feasibledomainthe solution might not representhe designess preferencejn particularwhen
utility functionsareused.

e Not all of thegeometricatonstraintandmanugcturingconsideration$or coil winding andcol-
laring canbetakeninto account.

We thereforeapplythe concepiof nichingthatprovidesthe designemwith a setof solutionsrather
thanonesolutionwhich canthenbe “post-processed¥ig.3 shavs a comparisorof theclassicalRoyal
Road)geneticalgorithmwith the appliedmethodof niching. Niching geneticalgorithmsdiffer in the
selectionprocessvherefor eachoffspringthe chromosomaevith the smallesthhamming-distancé/ D =
> ui B v; (leastnumberof differentbits) is locatedandselectedf its fitnessis worsethanthat of the
offspring. Whereasin the Royal Roadgeneticalgorithmthe whole populationis subjectto a fitness
ranking, the selectionin the niching geneticalgorithmis performedon the level of eachindividuum.
Selecteachromomsomearethenimmediatelyjoinedto the population.Theeffect of thenichingmethod
is thata number of local optimaarefoundwhich canthenbefurtherinvestigatecandcompared.

kGeneration

Mutation
Crossover 5%
. Crossover
Decoding Decoding
ROXIE/FEM2D 80% ROXIE/FEM2D
Objective Function Objective Function
Genepool Genepool
Selection Selection
Fairy Wheel Niching

Fig. 3: Left: Royal roadgeneticalgorithm,right: Geneticalgorithmwith niching

To increasdhediversityin the beginning of the optimization,a fourth operatoris addedj.e. gen-
eratingnenv chromosomeg arandomprocessNormally this operatoris only usedfor initialization of
the geneticalgorithmwith randomchromosomes.

After eachapplicationof anoperatoithe offspringis evaluatedandselectedstringsareintroduced
into the chromosomeool for immediateparticipation.

4 Parameters

For the optimizationof the 2D-sectionghe following parametersverefoundto be effective: The cur-
rentin the conductorsvasencodedby a 5 bit string andthe anglesof the coil-blocks by 5 bits each.
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generatenitial population:parents

iterate
choose=random-alue
casechoose
generation ‘ mutation ‘ crossoer

find smallestdD(child, parents)

of thosefind parentwith worstfitness
calculatefitness(child)

if betterfitness:exzchange(child, parent)
shawv bestdesigns

Fig. 4: Geneticalgorithmwith niching

The numberof turnsof the outerandinner blockswereencodedy 4 bit stringseach thusresultingin

chromosomesf typically 50 to 60 bits. A new offspringis generatedby crosseer with arateof 0.8 or
mutationwith arateof 0.15. Notethatthis rateis relatedto the chromosomei,e. the bit mutationprob-
ability is about0.003.Generatiorof new chromosomess donewith a probability of 0.05. A population
sizeof 60 chromosomess foundto be suflicient, which determineslsothe numberof final solutions.

Thoseparametersgrosseer, mutation,andgeneratiorrate, were choseraftera numberof tests
changingmutationrate, type of crosseer and populationsize. A representate corvergencegraphis
shawvn in Fig. 5a. After increasingmutationto 60% asshowvn in Fig. 5b the corvergenceis lower than
for our standardyeneticalgorithmin thebeginning. After afew thousandterationswhenthe population
becomesstable,highermutationrateallows for furtherimprovementsincechangef singlebits often
correspondo smallchangesn parametersResultsfor singleand2-pointcrosseer shav no significant
differences.

In athird test,the populationsizewaschangedo 150individualstherebyincreasinghediversity
in the chromosomepool from which offspring is created(Fig. 5¢). The numberof necessaryunction
evaluationsis increasedresultingin betterrefinedfinal solutions. Thoughhigherquality is achieved,
the longerruntimeis hardly acceptabléabout4 dayson a DEC alphastation). As in both caseseach
solutionhasto befurtheroptimizedby local methodsthe advantageof betterstartingsolutionsvanishes.

5 Results

Two 6-block coil designswere found using geneticalgorithmsand were studiedin detail. They are
shovn in Fig. 7 and8. The VY versioncross-sectiornis shovn in Fig. 6. The V6-1 designhasa B
whichis about0.1 T higherthanin theVY version.Thisis remarkableasit canbe achiezed with 1 turn
less.Theexplanationis thereducedpbeak-fieldto main-fieldratio in theinnerlayer At thesametimethe
maigin in the outerlayerblocksis reducedwith respecto the VY versionbut is still higherthanfor the
innerlayer Theby; is considerablyeduced.

6 Conclusion

Geneticalgorithmswith niching canbe efficiently usedfor the conceptuadesignof superconducting
magnets Although the corvergenceof the algorithmsarein no way comparabléo deterministicneth-
ods, two differentdesignswere found which turnedout to have advantages. The bestcoil, asfar as
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maigin andsensitvity to toleranceareconcernedis the V6-1 version.Theadwantagesomparedo the
VY versionarethatoneturn lessresultsin amoreeconomicallesign.Further 0.12T morecentralfield
at quenchresultsin anincreasednagin to quenchdueto the reducedpeakfield to mainfield ratio in
block No. 6. The designalsofeaturedower inductance smallerpersistenturrenteffects, smallerb;;
componentsmallerelectromagnetiéorcesparallelto the broadsideson turn 40 and41, lesssensitvity
to randomerrorson wedgesandconductordimensionsanda bettertunability The6-blockcoil alsohas
amorehomogeneoufrcedistribution resultingin lessshearstresson thewedgebetweerblock 5 and6
comparedo the big wedgebetweerblock 4 and5 in the5 block coil version.Thedisadwantagesrethat
oneadditionalcoppermwedgein the straightsectionandoneadditionalendspacehasto befittedinto the
coil. Themamgin to quenchof the outerlayeris reducedalthoughthelimiting factorfor theshortsample
currentis still theinnerlayer
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Fig. 5: Fitnessof the 10 bestchromosomesndits averagefitness(continuousline), a) Corvergencefor standardparame-
ters; crossw@er rate 0.8, mutationrate 0.15, generatiorrate 0.05, b) Convergencefor mutationrate 0.60, crosseer rate 0.35

¢) Increasegopulationsizeof 150individuals
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Fig. 8: Coil cross-sectioffor the 6-block (38 turns)design(V6-3)
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