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Abstract
This chapterdescribestheuseof geneticalgorithmswith theconceptof nich-
ing for theconceptualdesignof superconductingmagnetsfor theLargeHadron
Collider, LHC at CERN.Themethodprovidesthedesignerwith a numberof
possiblesolutionswhich can thenbe further optimizedfor field quality and
manufacturability.

1 The conceptual design phase

A particularityof theconceptualdesignphaseis the“fuzziness”of theobjectivesandconstraints.The
mainobjectivesarea small contentof unwantedfield errorsin themaindipolefield, low sensitivity of
thefield quality to manufacturingerrors,easymanufacturing,andpossibilityto tunethegeometryafter
thepre-seriesmanufactureof themagnets.The“fuzziness”in theseobjectivesis dueto thefactthatit is
difficult to mathematicallyformulateall objectives.

� Theamountof unwantedmultipolesis expressedby thecoefficientsof theFourierseriesexpan-
sionof the radial field componentin theaperturewherein theassumedsymmetriccaseonly the
odd

���
(coefficientsof the sineterms)areto be minimized. However, usinggoal programming

methodstheweightfor thecomponentsshowing differentsensitivity hasto befoundin aniterative
procedure,astheeffectsof thecomponentshave to beexaminedusingbeamtracking.

� As the electro-magneticforcesareenormous(about4000kN/m radially) the local force distri-
bution in the coil collar structurehasto be optimized. However, this requirescomputationsof
coupledelectro-magneticmechanicalproblems.

� Manufacturingconsiderationsinclude easeof the coil winding and collaring, i.e. geometrical
constraintson thepoleangle. Settingtoo many geometricalconstraintsresultsin ill-conditioned
optimizationproblems.

� Requirementsconcerningtheprotectionof thesuperconductingcoils includelow inductance,and
a smallcurrentdensityin thecopperstabilizerat a quench.Theserequirementsarepartly contra-
dictory aswith fewer turnsthe operatingcurrentincreases.The calculationof peakvoltageand
temperaturein thecoilsduringaquenchthereforerequiresnetwork analysisandheatpropagation
calculations.

� During manufacturing,systematicerrorsoccur due to the appliedtooling. After the pre-series
constructionof themagnetsthecoils have to be repositionedto compensatefor thesesystematic
errors.It will beimpossibletochangethetopologyof thecoil whichthereforehastohavesufficient
flexibility for adjustments.

An optimizationmethodis thereforerequiredthatnotonly convergestowardsa“global” optimum
but provides the userwith a numberof proposals(local minima) which canthenbe “post-processed”
usingdifferentmethodsandtools.
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2 The optimization problem

The designvariablesfor the optimizationproblemarethe numberof turnsper coil block �� , the posi-
tioning and inclination anglesof the blocks �� , and the current � in eachturn. The currenthasto be
includedas a designvariablein the optimizationin order to guaranteean operationpoint not higher
than95% on the load-lineof the superconductingwires, which dependson the local magneticfield.
The magnetizationof 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, asthesourcetermscaneasilybecalculatedusingBiot-Savart’s law. With a relatively sparsemesh
with 1725nodesandquadrilateraliso-parametricelementsthecomputingtime for thenonlinearprob-
lem is about20 secondsfor eachfunction evaluationon a 333 MHz DEC alphastation. The fact that
the coils don’t have to be meshedis importantbecausethe topologyof the coil is changedduring the
optimizationprocessby omitting andaddingconductorsto coil blocks. The objective function reads:�
	�� ��
�������������������� �!�#" "$&%' �

"�"�)(+*-, .-/0/0/ � � $ %1$2%' wherethe coefficients ��3 fit the sensitivities of the

components,andthepenaltyfunction �4�657�98:5<;>=@?BA>5DCE� guaranteesaquench-margin �F� of at least
5%.

3 Genetic algorithms

For theminimizationof the resultingobjective functiongeneticalgorithmsareused.Thefirst stepsto
thedevelopmentof geneticalgorithmsweresetin thefifties whenmodelsfor biologicalprocesseswere
sought.Thoughat that time not apt for functionoptimizationthepotentialof adaptionwasrecognized
andwasevaluatedby puttingthemodelsonafirm basisby Holland[1]. Sincethentheresearchonthose
proceduresmeanwhilecalledgeneticalgorithmsboosted.[2, 3] Increasingcomputingcapabilitiesnowa-
daysallow for complex problemsolvingandglobaloptimizationin multidimensionalfunctionspaces.

Sincestandardgeneticalgorithmswork on thebit-level anencodingfor theparametersis neces-
sary. Realvariableshave to bequantizedinto integers.Thenall integersareGrey-encodedto provide for
betterbehavior of thegeneticalgorithm.Puton this basis,geneticalgorithmsdo not have to careabout
thepropertiesof theparametersanymoreandcandirectly operateon theirencodingasbit-strings.
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new designs

3.1 Quantization

Quantizationis achievedby linearsamplingof theparameterrange.Theparametermappingis defined
by giving lower andupperbounds,aswell astherangefor theintegers.In thecurrentapproachthefull
integerrangeof � bits with M � valuesis used.Thequantizationhasto bechosenfine enoughasto limit
thequantizationerrors.Thechromosomesarethenfoundby Grey-encodingtheseintegersandpacking
themtogetherinto abit-stringwheretheleastnumberof necessarybits is used.
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3.2 Grey-coding

Thoughtheintegersasfoundby thequantizationcouldbeimmediatelyusedasa parameterrepresenta-
tion, a furthercodingstepwasintroducedimproving thequality of theoptimizationprocess.According
to the following table(shown in Fig. 3.2 for only 4 bits) eachbit combinationis uniquelytransformed
into another. Thisschemeis calledGrey-coding.

binary Grey
0 0000 N 0000
1 0001 0001
2 0010 0011
3 0011 0010
4 0100 0110
5 0101 0111
6 0110 0101
7 0111 0100

binary Grey
8 1000 N 1100
9 1001 1101

10 1010 1111
11 1011 1110
12 1100 1010
13 1101 1011
14 1110 1001
15 1111 1000

Thecodingis achievedby abit-shift right andexclusive-orof theunshiftedandtheshiftedversion
of the binary code. Decodingproceedsby multiply shifting right andexclusive-or operationson the
shiftedversions.

Example:13: coding decoding
1101 1011
0110 eor 0101 eor
1011 0010 eor

0001 eor
1101

The advantageof Grey-codesis becausechromosomescloseto eachother in parameterspace
show similarpatternswith higherprobability. For examplethecodesof decimal3 and4, 011and100in
abinaryrepresentationdiffer in 3 bits,but 010and110asGrey-encodeddiffer only in onebit. Theother
way roundthismeansthatmutationproducesnearbystringswith higherprobability.

Neverthelessthe percentageof closestringsafter a onebit changeis dependenton the overall
numberof bits � sincenormallyonly two stringsareclosein Grey-codesandonly onein binarycodes,
but all therestof bit changesis furtherdistantasfor example0000and1000is 0 and8 in binaryor even
0 and15 in Grey-codes.

3.3 Operators

Geneticalgorithmsaredriven by 3 main operators,selection,crossover andmutation. The selection
operatorguaranteesconvergenceto anoptimumby keepingthebetterchromosomesanddiscardingthe
lessfit ones. A standardmethodis fairy-wheelselectionwherechromosomesarechosenproportional
to their fitnessvalue. Sincethis mechanismis sensibleto thequality of thefitnessfunction thesimpler
alternative of retainingthe betterhalf of the populationmay give betterresults. Diversity is reduced
generationby generationthusleadingto asinglesolution.

Crossover is arecombinationof bit stringsof two chromosomesby swappingthestringsatrandom
points. This is themajor influencedirectingthesearchprocessto goodsolutions.A recombinationof
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goodparametersof any chromosomewith goodparametersof anothershouldleadto abetterset[1]. The
typeof crossover which is normallyconsideredis single-pointcrossover. Two chromosomesaretaken
out of thegene-pool.A certainsplitting point is determined.Eachchromosomesis cut at this point and
recombinedwith thepartof theotherchromosome.

chr1: 1101010010O0101101 1101010010 1011010 1101010010O1011010P Q P
chr2: 1010110100O1011010 1010110100 0101101 1010110100O0101101

Fig. 1: Single-pointcrossover of two chromosomes

As shown in Fig. 3.3 the bits on the lefthandsideof chromosome1 areconnectedto the bits on
the righthandsideof chromosome2 andvice versa. This exchangeresultsin two probablynew chro-
mosomeswhich resembletwo parametersetsthat area combinationof two differentearlierparameter
sets.Takinga closerlook on theeffectsof theoperatoron theparametersetsitself we seeaswell that
cuttingthechromosomesintroducessomerandomnessregardingtheveryparameterthatmaybesplit by
theoperation.This effect is owing to thebit representationof theparametersets.Implementationon a
parameterlevel canavoid this randombehavior but sincerandomnessis introducedby otheroperators
on purpose,thereis notmuchreasonto doso.

Illustrating singlepoint crossover in a pseudo4-dimensionallattice (Fig. 2) shows that suchan
operatorproducesoffspring on oneof two trajectorieswhereastwo point crossover covers additional
points (here: 0000and1011). Neverthelessthe larger spaceof possibleoffspring due to 2 crossover
pointscanbeequallyproducedby two successive iterationsusingsinglepoint crossover. This certifies
on thebit-level thattheoffspringsarenot fully random.
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Fig. 2: Hypercubewith transitionpatternsfor singlepoint crossover of 0010and1001

After selectionandcrossover, genesarechosenfor mutation.Theeffect of themutationoperator
is twofold. First it avoidspreliminaryconvergenceof theentirepopulationtowardsa localminimumand
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secondlyit improveslocal convergenceby a hill-climbing like mechanism.Thoughboth mechanisms
seemto becontradictory, they resultfrom thedifferentsignificanceof bits in thebit-string.

3.4 Niching

Thoughmostshortcomingsof usingdeterministicalgorithmsarealreadyovercomeby thestandardpro-
cedure,a few problemspersist:

� Becauseof thedifferentsensitivity of themultiple objectivesin thedifferentsub-domainsof the
feasibledomain the solution might not representthe designer’s preference,in particularwhen
utility functionsareused.

� Not all of thegeometricalconstraintsandmanufacturingconsiderationsfor coil winding andcol-
laring canbetakeninto account.

We thereforeapplytheconceptof nichingthatprovidesthedesignerwith asetof solutionsrather
thanonesolutionwhichcanthenbe“post-processed”.Fig.3shows acomparisonof theclassical(Royal
Road)geneticalgorithmwith the appliedmethodof niching. Niching geneticalgorithmsdiffer in the
selectionprocesswherefor eachoffspringthechromosomewith thesmallesthamming-distanceRDS 8
3UT 3WVYXZ3 (leastnumberof differentbits) is locatedandselectedif its fitnessis worsethanthatof the

offspring. Whereasin the Royal Roadgeneticalgorithmthe whole populationis subjectto a fitness
ranking, the selectionin the niching geneticalgorithmis performedon the level of eachindividuum.
Selectedchromomsomesarethenimmediatelyjoinedto thepopulation.Theeffectof thenichingmethod
is thata number of localoptimaarefoundwhichcanthenbefurtherinvestigatedandcompared.
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Fig. 3: Left: Royal roadgeneticalgorithm,right: Geneticalgorithmwith niching

To increasethediversityin thebeginningof theoptimization,a fourthoperatoris added,i.e. gen-
eratingnew chromosomesin a randomprocess.Normally this operatoris only usedfor initialization of
thegeneticalgorithmwith randomchromosomes.

After eachapplicationof anoperatortheoffspringis evaluatedandselectedstringsareintroduced
into thechromosomepool for immediateparticipation.

4 Parameters

For theoptimizationof the2D-sectionsthe following parameterswerefound to be effective: The cur-
rent in the conductorswasencodedby a 5 bit string andthe anglesof the coil-blocksby 5 bits each.
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generation mutation crossover
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show bestdesigns

Fig. 4: Geneticalgorithmwith niching

Thenumberof turnsof theouterandinnerblockswereencodedby 4 bit stringseach,thusresultingin
chromosomesof typically 50 to 60 bits. A new offspringis generatedby crossover with a rateof 0.8or
mutationwith a rateof 0.15.Notethatthis rateis relatedto thechromosome,i.e. thebit mutationprob-
ability is about0.003.Generationof new chromosomesis donewith aprobabilityof 0.05.A population
sizeof 60chromosomesis foundto besufficient,whichdeterminesalsothenumberof final solutions.

Thoseparameters,crossover, mutation,andgenerationrate,werechosenaftera numberof tests
changingmutationrate, type of crossover andpopulationsize. A representative convergencegraphis
shown in Fig. 5a. After increasingmutationto 60%asshown in Fig. 5b theconvergenceis lower than
for ourstandardgeneticalgorithmin thebeginning.After a few thousanditerationswhenthepopulation
becomesstable,highermutationrateallows for further improvementsincechangesof singlebits often
correspondto smallchangesin parameters.Resultsfor singleand2-pointcrossover show no significant
differences.

In a third test,thepopulationsizewaschangedto 150individualstherebyincreasingthediversity
in thechromosomepool from which offspring is created(Fig. 5c). The numberof necessaryfunction
evaluationsis increased,resultingin betterrefinedfinal solutions. Thoughhigherquality is achieved,
the longerruntimeis hardly acceptable(about4 dayson a DEC alphastation). As in both caseseach
solutionhasto befurtheroptimizedby localmethods,theadvantageof betterstartingsolutionsvanishes.

5 Results

Two 6-block coil designswere found using geneticalgorithmsand were studiedin detail. They are
shown in Fig. 7 and8. The VY versioncross-sectionis shown in Fig. 6. The V6-1 designhasa ¸>¹©¹
which is about0.1T higherthanin theVY version.This is remarkableasit canbeachievedwith 1 turn
less.Theexplanationis thereducedpeak-fieldto main-fieldratio in theinnerlayer. At thesametimethe
margin in theouterlayerblocksis reducedwith respectto theVY versionbut is still higherthanfor the
innerlayer. The

� "�" is considerablyreduced.

6 Conclusion

Geneticalgorithmswith niching canbe efficiently usedfor the conceptualdesignof superconducting
magnets.Althoughtheconvergenceof thealgorithmsarein no way comparableto deterministicmeth-
ods, two differentdesignswere found which turnedout to have advantages.The bestcoil, as far as
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margin andsensitivity to tolerancesareconcerned,is theV6-1 version.Theadvantagescomparedto the
VY versionarethatoneturn lessresultsin amoreeconomicaldesign.Further, 0.12T morecentralfield
at quenchresultsin an increasedmargin to quenchdueto the reducedpeakfield to main field ratio in
block No. 6. Thedesignalsofeatureslower inductance,smallerpersistentcurrenteffects,smaller

� "�"
component,smallerelectromagneticforcesparallelto thebroadsideson turn 40 and41, lesssensitivity
to randomerrorsonwedgesandconductordimensions,andabettertunability. The6-blockcoil alsohas
amorehomogeneousforcedistribution resultingin lessshear-stressonthewedgebetweenblock5 and6
comparedto thebig wedgebetweenblock4 and5 in the5 blockcoil version.Thedisadvantagesarethat
oneadditionalcopperwedgein thestraightsectionandoneadditionalendspacerhasto befitted into the
coil. Themargin to quenchof theouterlayeris reduced,althoughthelimiting factorfor theshortsample
currentis still theinnerlayer.
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Fig. 5: Fitnessof the 10 bestchromosomesand its averagefitness(continuousline), a) Convergencefor standardparame-

ters; crossover rate0.8, mutationrate0.15,generationrate0.05,b) Convergencefor mutationrate0.60,crossover rate0.35

c) Increasedpopulationsizeof 150individuals
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Fig. 6: Coil cross-sectionfor the5-block(41 turns)design(VY)
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Fig. 7: Coil cross-sectionfor the6-block(40 turns)design(V6-1)

0
º

10
¾

20
¿

30
»

40
À

50
¼

60
½

Fig. 8: Coil cross-sectionfor the6-block(38 turns)design(V6-3)
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