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Abstract
Track detectorsin high energy physicsexperimentsrequirean accuratede-
terminationof a large numberof alignmentparameters.A generalmethod
hasbeendeveloped,whichallows thedeterminationof up to severalthousand
alignmentparametersin a simultaneouslinear leastsquaresfit of anarbitrary
numberof tracks.Thesensitivity of themethodis demonstratedin anexample
of thesimultaneousalignmentof a 56-planedrift chamberanda 2-planesili-
contracker. About1400alignmentparametersaredeterminedin afit of about
fifty thousandtracks.

1 ALIGNMENT PROBLEMS OF TRACK DETECTORS

Alignmentproblemsfor large detectors,especiallytrackdetectors,in particlephysicsoftenrequirethe
determinationof a largenumberof alignmentparameters,typically of theorderof

�����
to
�������

. Align-
ment parametersfor exampledefinethe accuratespacecoordinatesand orientationof detectorcom-
ponents. In addition drift chambersrequirethe determinationof the drift velocity � drift and of local
variationsof the drift velocity, andof the Lorentzangle. Figure1 shows an exampleof residualsin a
siliconvertex trackdetectorbeforeandafteranalignment.

In thealignmentusuallyspecialalignmentmeasurementsarecombinedwith dataof particlereac-
tion, typically tracksfrom physicsinteractionsandfrom cosmics.In thispaperthealignmentparameters
arecalledglobal parameters;they contribute to all thedata.Usuallytheseparametersarecorrections to
default valuesandarethusrelatively small,andthe valuezerois the initial approximation.Parameter
setsvalid for asingletrackarecalledlocal parameters,examplesaretrackslopesandcurvatures.

An approximatealignmentmethodis to performleastsquaresfits on the dataignoring initially
thealignmentparameters.Thedeviations betweenthefitted andmeasureddata,the residuals, arethen
usedto determinethealignmentparametersafterwards.Singlefits dependonly on thesmallnumberof
local parameterslike slopeor curvatureof thetrack,andareeasyto perform.This approximatemethod
however is nota statisticallycorrectmethod,becausethe(local) fits dependon a wrongmodel(namely:
ignoring the global parameters),andthe resultarebiased.In additionthe resultsmay be unstabledue
to detectorinefficiencies. The adjustmentof parametersbasedon the observed (biased)residualswill
thenresultin biasedalignmentparameters.If thesealignmentparametersareappliedascorrectionsin
repeatedfits, theremainingresidualswill bereduced,asdesired.However, thefittedparameterswill still
bebiased,evenmore,if this approximateprocedureis appliediteratively. Thesimpleresidualmethod
is alsounableto determinecorrelatedparameters,for examplea geometricalshift of a detectorposition
andashift in drift velocity in adrift chamber.

A bettermethodis anoverall fit, with all the(global)alignmentparametersandlocal parameters,
perhapsfrom thousandsor millions of events,determinedsimultaneously. Themostimportantgeneral
methodfor thedeterminationof parametersfrom measureddatais the linear leastsquaresmodel. It is
usuallystable,fastandaccurate,requiresno initial valuesof parametersandis ableto take into account
all thecorrelationsbetweendifferentparameters,evenif therearemany parameters.Thereis of course
apracticallimit in thenumberof parametersin simultaneousfits, becauseof spaceandtime limitations.
In analignmentfit thesizeof thevectorsandmatricesin theleastsquaressolutionwill be large,of the
orderof

�����
or
�����

. With standardmethodssuchasolutionis impossible.
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Fig. 1: Residualsbetweentracksandhits of a silicon tracker areshown asa function of the

azimuthalangle(vertical axis, in degrees)beforeandafter an alignment.The residualon the

horizontalaxisis givenin unitsof 10 � m.

In this papera specialmethodof solutionfor this kind of problemsis derived. Dueto thespecial
structureof thematriceswith onesetof globalparametersandmany setsof localparameterstheproblem
canin factbereducedto asolvablesize,withoutmakingany approximations.Therathergeneralmethod
is realizedin aprogramcalledMillepede [2].

2 STANDARD LEAST SQUARES

Linear models. In a linearmodelthemeasuredquantity 	�
 hasanexpectationvaluewhich is a linear
combinationof theparameters� with fixedfactors(e.g.from geometry)whicharecombinedto avectore
 
 . Thedifferencebetweenthemeasuredvalueandtheexpectationvalueis theresiduum��
 :

	�
���� ��� 
 
�����
�� (1)

Themeasureddataareassumedto be independent; the resultof a measurement	�
 doesnot dependon
any othermeasurement.Thusthe covariancematrix of the measureddatais a diagonalmatrix, which
simplifiesthetreatment.Theaccuracy of themeasurement	�
 is givenby thevariance���
 or thestandard
deviation ��
 . It is assumed,thattheprecisionis at leastapproximatelyknown.

Thesolutionof themethodof leastsquaresis determinedby theminimumof theweightedsumof
thesquareof theresiduals

�� �"!#�%$ 

& 	�
�'(� � � 
 
*) �� �
 + (2)

wherethesum(index , ) is overall measurements.Thissumis aquadraticfunctionof theparameters� ,
andthesolutionis obtainedfrom a setof linearequations(so-callednormalequationsof leastsquares),
whichcanbewritten in matrix form- �.��/ with
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 (3)
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with a symmetric3 -by-3 matrix
-

anda right-hand-side3 -vector / ; theelementsof
-

and / aresums
with independent contributions from eachmeasurement(becausethe measureddataareindependent).
Thereis no limitation on the numberof measureddata; it is not necessaryto keepall input datain
memory, becausethecompleteinformationfrom a singlemeasurementis containedin thecontributions
to
-

and / , whichhave a fixedsize.Thesolutionvectoris �4� -.5�6 / with theinverseof thematrix
-

,
which,by errorpropagation,is equalto thecovariancematrixof theparameters� .

Whatarethe limits for thenumber3 of parameters,if thematrix equationis solved by standard
methods?Thesymmetrypropertyof thematrix

-
maybeusedto storeonly the

 37���839!;:�< elementson
andabovethediagonal,andalsoto reducethecomputertimeto almosthalf thetimefor anon-symmetric
matrix. Matrix inversionis anexplicit processandrequiresa CPUtime proportionalto 37= for a 3 -by-3
matrix. For a

�������
-by-

�������
symmetricmatrix in doubleprecision(about4 Mbyte)theCPUtimeis afew

minuteson a standardPC.Thetime ( >?37= ) andspace( >?37� ) requirementsimply at presenta practical
limit of thesizeof thematrix (andnumberof parameters)between3@� 1 000and 3@� 10000.

The accuracy of thecomputationof the inversematrix is a critical point, andoften computation
in doubleprecisionis required,especiallyfor large matrices.Theaccuracy is generallylow for a large
conditionnumberof thematrix (theconditionnumberis definedastheratioof thelargestto thesmallest
eigenvalueof thematrix). Fromthe interpretationof the inversematrix ascovariancematrix it is clear,
that the conditionnumberwill be large if the correlationbetweenparametersis high. The matrix is
singular(oneor moreeigenvaluesarezero) in caseof a completecorrelationbetweenparameters.In
this caseandalso in casesof missingdata(e.g. deadchannelsin an alignmentfit) a standardmatrix
inversionprogramwill fail. A singularvaluedecomposition(SVD) would allow to recognizethecases
of zeroor smalleigenvalues,whichwoulddestroy thefull solution.Thestandardmethodin caseof zero
or very smalleigenvaluesis to settheir inverseto zero;this meansessentiallyto remove parametersor
linearcombinationsof parametersfrom thesolution(i.e. theresultingparametervaluesarezero);if the
parametersarein factcorrections this is clearlyacceptable.In theprogramMillepede [2] a similar, but
simplerand fasterstrategy is usedto avoid the effectsof a badconditionnumber. This strategy also
worksin cases,wheredueto missinginput data1 oneor moreparametersareundefined;theparameters
will becomezeroin thiscase.Thestrategy allows in additionto removecertainparametersfrom theleast
squaresfit without thenecessityto reorganizethenumbering.

Solution by partitioning . Thespecialstructureof thematrix
-

to be invertedmayallow to move the
limit of solvableproblemsfurther(seealso[1]). Below thematrix

-
is partitionedinto submatrices,and

thevectors� and / arepartitionedinto two subvectors;thenthematrixequationbecomesABB
C - 6;6 - 6 �- � 6 - �;�

D�EE
F
ABB
C � 6
� �

D�EE
F �

ABB
C / 6
/ �

D�EE
F + (4)

wherethe submatrix
- 6;6 is a G -by-G squarematrix andthe submatrix

- �;� is a H -by-H squarematrix,
with GI�.H��J3 . If thesub-vector � 6 wouldnotexist, thesolutionfor thesub-vector � � wouldbedefined
by thematrix equation - �;� �9K� ��/ � with solution �LK� � - 5�6�;� / � + (5)

wherethestarindicatesthespecialcharacterof this solution.Only the H -by-H sub-matrix
- �;� hasto be

inverted.Thesolution � K� of coursediffersfrom thefinal solution � � andis calledthe local solution.

Now, having invertedthesub-matrix
- �;� , thesubmatrixof thecompleteinversematrix

-
corre-

pondingto theupperleft part
- 6;6 , called M , is obtainedby theformula

MN� & - 6;6 ' - 6 � - 5�6�;� - � 6 � ) 5�6 + (6)

1Largedetectorsmayhave deadchannels,whichmeansmissingdata.
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which requiresin additionto somematrixproductsthecalculationof theinverseof a G -by-G sub-matrix.
With thismatrix M thesolutionof thewholematrixequationcanwritten in theformABB

C � 6
� �

D�EE
F �

ABB
C M 'OM - 6 � - 5�6�;�' - 5�6�;� - � 6 � M - 5�6�;� ' - 5�6�;� - � 6 � M - 6 � - 5�6�;�

D�EE
F
ABB
C / 6
/ �

D�EE
F + (7)

which canbeusedto obtainthecompleteresult( � 6 and � � ). Notethatto solve thematrixequationtwo
smallermatrices,asymmetricG -by-G andasymmetricH -by-H matrix,haveto beinverted.Thesub-vector� 6 is obtainedby theproduct� 6 �%M@/ 6 '(M - 6 � - 5�6�;� / � ��M  / 6 ' - 6 � �PK� ! + (8)

whichis simplifiedby usingthespeciallocalsolution � K� � - 5�6�;� / � . If theinterestis thedeterminationof
thissub-vector � 6 only, while thesub-vector � � is notneeded,thenonly theequation(8) hasto besolved.
Somecomputertime canbesaved by this method,especiallyif thematrix

- 5�6�;� is easilycalculatedor
alreadyknown before. In specialcasesthe methodcanbe appliedrepeatedly, andthereforeproblems
with a hugenumberof parametersbecomesolvable. Themethodis not anapproximation,but is exact
andit takesinto accountall thecorrelations.This typeof applicationis discussedin moredetail in the
next chapter.

It seemsthat this possibility of removing unnecessaryparameters,but still getting the correct
solutionfor theremainingparametersin leastsquaresproblemswasalreadyknown andhasbeenusedin
thenineteenthcentury;oneexampleis [3].

Constraints. If thereareexplicit relationsbetweentheparametersof a leastsquaresfit, thenthey should
beexplicitly takeninto accountin thesolution.Thecaseof asinglelinearconstraintbetweenparameters
of the form Q �R� �S�TQ#U is assumedhere. TheLagrangemultiplier methodis thestandardmethodto
includeconstraintsin a leastsquaressolution;oneadditionalvector V is introduced,with oneelement
perconstraint.Theequation(3) is modifiedby theadditionalparametersto theformABB

C - Q
Q � W

D�EE
F
ABB
C �
V
D�EE
F �

ABB
C /
Q#U

D�EE
F + (9)

wherethematrixon theleft handsideis still symmetric.Linear leastsquaresproblemswith linear con-
straintscanbesolveddirecly, without iterationsandwithout theneedfor initial valuesof theparameters.

3 LEAST SQUARES WITH GLOBAL AND LOCAL PARAMETERS

Local parameters. Local parametersaredenotedby XZY +O[ � � + < + �����]\ . A setof measurements	 is
considered.A singlevalue 	 from thesetis ideallygivenby a linearexpression	2�^X 6 ��_ 6 �`X � �*_ � ������aX9b �c_ b , dependingon the parametersXZY andon (known) constantfactors

_ Y . More complete,the
dependencecanbewritten as

	�
d��X 6 ��_ 6 
e�fX � ��_ � 
g�J�����aX9b ��_ b 
�� b$Yih 6 XjY ��_ Y 
 + (10)

with anadditionalindex , indicatingthe , -th measuredvalue.

As an examplethe measurementof a straightparticle track is considered,whereeach 	�
 is a
coordinatemeasurementatplane, . Thelocalparametersareintercept( X 6 ) andslope( X � ) of theparticle
track. If thedistanceof theplaneis denotedby

� 
 , thelineartrackmodelcanbewrittenas	�
���X 6 � � �`X � � � 
��
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From a leastsquaresfit of the model to the set of measured	 -valuesthe local parametersintercept
andslopecanbe determined.The formalismof leastsquaresallows to take into accountthe different
precisionof thedifferentmeasurements,by assigningaweightto eachmeasurementof 0 
�� � :*���
 . The
leastsquaressolution,minimizing the weightedsumof squaredresiduals,is definedby the so-called
normalequations,whichcanbewritten in termsof matriceskml �Jn + solvedby

l � k 5�6 n�� (11)

Theelementsof thematrix
k

andthevector n areformedby sumsoLp Yq� $ 
10 
 ��_ p 
 _ Y 
 rcYO� $ 
10 
 � 	�
 _ Y 
�� (12)

Theseformulasarevalid in the caseof uncorrelated 	 -measurements(uncorrelatedmeasurementsare
assumedthoughoutthispaper).Theinversematrix

k 5�6
is thecovariancematrixof theparametervectorl

.

Global parameters. Now globalparametersareconsidered,which contribute to all themeasurements.
They areassumedto be alignment parameters here,althoughthe formalismis generalandcanalsobe
appliedto otherproblems.Aligment parametersaredefinedto representcorrections to ideal (design)
values;thisparametrizationaddsfurthertermsto theequations(10)

	2�Ss 6 ��t 6 �us � ��t � �J�����aswv �xt vy z]{ |
globalparameters

�RX 6 ��_ 6 �fX � ��_ � �J�����iXLb ��_ by z]{ |
local parameters

� v$ p h 6 s�Y ��t Y}�
b$Yih 6 XjY ��_ Yd� (13)

Usually only few termscontainingglobal parametersarenonzerofor a single 	 measurement.In the
following it is assumedthat,aswritten in equation(13), thedependenceon theglobalparametersis lin-
ear. A non-linearrelationshipfor theglobalparameterswouldrequireiterations,startingwith reasonable
initial valuesfor theparameters,andassuminga linearizedexpressionin eachiteration.

The simultaneousfit of global and local parameters. In thefollowing it is assumedthat thereis a set
of ~ partial measurements.Eachpartial measurement,with index � , dependson local parameters

l p
,

andall of themdependontheglobalparameters.In asimultaneousfit of all globalparameterspluslocal
parametersfrom ~ subsetsof thedatatherearein total

 3��8~ � \�! parameters,andthestandardsolution
requiresthesolutionof

 32��~ � \�! equationswith acomputationproportionalto
 32��~ � \�!�= . Below it

is shown, thattheproblemcanbereducedto 3 equationswith acomputationproportional37= .
Generalizingthe formalismof equations(10) to thecompletemeasurement,startingfrom equa-

tionsof the typeof (13), oneobtainsa systemof normalequationswith large dimensions,asis shown
in equation(14). Thematrix on theleft sideof equation(14) has,from eachpartialmeasurement,three
typesof contributions.Thefirst partis acontribution of asymmetricmatrix

- p
, of dimension3 (number

of globalparameters).All thematrices
- p

areaddedup in theupperleft cornerof thebig matrix of the
normalequations.Thesecondcontribution is thesymmetricmatrix

k p
(compareequation(12)), which

givesa contribution to thediagonalof thebig matrix andis dependingonly on the � -th partialmeasure-
ment.Thethird contribution is a rectangularmatrix � p , with a row numberof 3 (global)anda column
numberof \ (local).

Therearetwo contributionsto thevectorof thenormalequations,/ p for theglobaland n p for the
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localparameters.Thecompletematrixequationis givenbyABBBBBBBBBBBBBBBBBBBB
C

� - p ����� � p �����
...

. . .
� �

� � p � k p �
...

� � . . .

D�EEEEEEEEEEEEEEEEEEEE
F

�

ABBBBBBBBBBBBBBBBBBBB
C

�
...

l p
...

D�EEEEEEEEEEEEEEEEEEEE
F

�?�

ABBBBBBBBBBBBBBBBBBBB
C

� / p
...

n p
...

D�EEEEEEEEEEEEEEEEEEEE
F

(14)

In thismatrixequationthematrices
- p

,
k p

, � p andthevectors/ p andn p containcontributionsfrom the � -
th partialmeasurement.Ignoringtheglobalparametersonecouldsolve thenormalequations

k p l Kp �Jn p
for eachpartialmeasurementseparatelyby l Kp � k 5�6p n p � (15)

The completesystemof normalequationshasa specialstructure,with many vanishingsub-matrices.
The only connectionbetweenthe local parametersof different partial measurementsis given by the
sub-matrices� p und

- p
,

Theaim of thefit is solely to determinetheglobalparameters;final bestparametersof the local
parametersarenot needed.The matrix of equation(14) is written in a partitionedform. The general
solutioncanalsobewritten in partitionedform. Many of thesub-matricesof thehugematrix in equation
(14)arezeroandthis hastheeffect, thattheformulasfor thesub-matricesof theinversematrix arevery
simple.By thisprocedurethenormalequationsAB

C -�� D�E
F
AB
C �

D�E
F �

AB
C / �

D�E
F + (16)

areobtained,whichonly containtheglobalparameters,with amodifiedmatrix
-��

andavector / � ,-�� � $ p - p ' $ p � p k 5�6p � � p / � � $ p / p ' $ p � p & k 5�6p n p ) � (17)

Thissetof normalequationscontainsexplicitly only theglobalparameters;implicitly it contains,through
the correctionmatrices,the completeinformationfrom the local parameters,influencingthe fit of the
globalparameters.Theparenthesesin equation(17) representsthesolutionfor thelocal parameters,ig-
noringtheglobalparameters.Thesolution �.� - � 5�6 / � representsthesolutionvector � with covariance
matrix

- � 5�6
. The solutionis direct, no iterationsarerequired. Iterationsmay be necessaryfor other

reasons,namely� theequationsdependnon-linearly on theglobalparameters;theequationshave to belinearized;� the datacontainoutliers which have to be removed in a sequenceof cuts, becomingnarrower
duringtheiteration;� the accuracy of the datais not known before,andhasto be determinedfrom the data(after the
alignment).
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Application. A very importantpoint in problemsdiscussedabove is thedefinitionof thesetof global
parameters.It is essentialto definethemin a way which is sensitive to thedatausedto determinethem.
Computingthe inverseof a huge(symmetric)matrix canbea delicatenumericalproblem. Thematrix
will be singularor closeto a singularmatrix, if one or more of the global parametersarenot really
determined(andconstrained)by the data,and this could destroy the whole determination.This will
happenin caseof astrongcorrelationbetweendifferentglobalparameters.

It is wise to start with a few global parametersand to observe the correlationsbetweenthem,
beforeaddingmoreglobalparameters.For exampleif toomany globalparametersareusedin adetector
alignment,thewholedetectormay shift androtate freely in thefit. In thosecasesonecould eitherfix
certainglobal parametersor onehasto introduceconstraints(e.g. averagedisplacementandrotation
equalto zero).

Experiencewith themethodshowsthatit is essentialto makeasimultaneousalignmentof all track
detectorcomponents,which are alsousedfor the measurementof tracks,while independentinternal
alignmentof the single track detectorcomponentsmay not lead to a good overall result. It is also
importantto use,if possible,differentdatasetssimultaneously. For examplein atrackdetectoralignment
high-momentumcosmicmuonsmay be useful,which traversethe whole detectorandthusrelate(and
constrain)differentpartsof thedetector. But thisshouldbedonesimultaneouslywith tracksfrom physics
events,becausetheseeventsfinally requireagoodalignment.

Themethoddescribedherehasbeenrealizedin theprogramMillepede [2], written in Fortran77.
It providesa setof subroutinesfor themathematicalmethodsandallows to adaptthemethodto a par-
ticular problem.Theprogramallows to adjustthedimensionof vectorsandmatricesvia PARAMETER-
statementsandto introducelinearconstraints.Throughouttheprogramuseis madeof thesparsecharac-
terof thevectorsandmatricesin orderto reducetheexecutiontime. Theprogramincludesamethodfor
outlier rejection,which in practicemay beessentialin alignmentproblemsespeciallyif somedetector
componentshave a badinitial alignment.This featurerequiresto iterate,realizedwith an intermediate
datafile, which is writtenduringthefirst iterationandreadduringtheotheriterations.

Sometimesthemodelunderlyingthealignmentis nonlinear andalsoconstraintsmaybenonlinear.
Thestandardmethodto treattheseproblemsis linearization:thenonlinearequationis replacedbyalinear
equationfor thecorrectionof a parameter(Taylorexpansion);this requiresa goodapproximatevalueof
theparameter.

4 ALIGNMENT OF THE CENTRAL TRACK DETECTORSIN THE H1 EXPERIMENT

The exampledescribedis the alignmentin the �w� -planeperpendicularto the beamline of a 56-plane
drift chamberanda2-planesilicon vertex detectorin theH1 detectorat HERA [4]. Both arecylindrical
detectors;the drift chamberhasa length( 	 ) of about2 m, andextendingfrom 20.3cm to 84.4cm in
radius � . The silicon vertex detector[5] hastwo planesaroundthe beampipemadeof 0.15 mm Alu-
minium and0.9mmcarbonfiber. Thedrift chamberandthesiliconvertex detectorhave a �w� resolution
of about150 � m and15 � m, respectively. Thesedetectorsareinterspersedby additionalchambersfor
the 	 -measurement.

The centraljet chambersCJC1andCJC2([4]) with an active lengthof 2200mm andan outer
radiusof 844mm have in total 2640anodesensewiresparallelto thebeamwith two adjacentcathode
planes(wires)shapingthedrift field. A jet chambercell extendsazimuthallyfrom thesensewire planeto
bothadjacentcathodewire planes,andradiallyextendsover thefull radialspanof CJC1andCJC2with
nofurthersubdivision. Thejet cellsaretilted by about� ��� suchthatin thepresenceof themagneticfield
(1.1Tesla)theionizationelectronsdrift approximatelyperpendicularto high momentumvertex tracks.

Thesilicon vertex detectorCSTconsistsof two cylindrical layersof doublesided,doublemetal
siliconsensorsreadoutby acustomdesignedanalogpipelinechip. Thetwo layersof theCSTareformed
from 12 and20 facesat radii of 5.75cm and9.75cm, respectively. Onefaceor ’ ladder’consistsof six
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row. number parameter � unit
1 2 �}� 1 � m
2 2 �}���a����� 2 � m
3 2 �}� 1 � m
4 2 �}���i�}� � 2 � m
5 2 �e� 10 � rad
6 2 �e���a����� 10 � rad
7 2 �}� Lor 100 � rad
8 2 �}� drift � ��� drift �;� ���
9 2 �}� drift � ��� drift �;� ���

10 2 � �w¡#¢I� drift £8� � m
11 2 wire staggeringin wire plane few � m
12 2 wire staggeringperpwire plane few � m
13 2 saggingin wire plane few � m
14 2 saggingperp.wire plane few � m
15 180 �}� drift ��� drift percell half few �¤� ��¥
16 112 �}� drift ��� drift perlayerhalf few �¤� ��¥
17 330 � �w¡#¢I� drift pergroup 10 � m
18 56 wire positionin driftdir. perlayer 10 � m
19 56 � �w¡#¢I� drift perlayer 10 � m
20 56 �}��¦ perlayer few 10 � m
21 112 �}� drift ��� drift for §;¨¤�a© � mA few �;� ��¥
22 90 �}� drift ��� drift perlayer few �;� ��¥
23 90 �}� ¦ perlayer few 10 � m
24 90 ª«�}�]¦d¬®­ perlayer­ few 10 � m

25 64 � in ladder few � m
26 64 � perp.ladder few � m
27 64 rel. � in ladder( ��� ) few � m
28 64 rel. � perp.ladder( � � ) 10 � m
29 64 rel. � perp.ladder( � ) few � m

Table 1: Alignment parametersdeterminedin

the Millepede fit. The Millepede accuracy is

given by onestandarddeviation � . Thediffer-

entparametersarediscussedin thetext.

silicon sensorsandaluminiumnitride hybridsat eachend. A doublelayerof carbonfiber stripswith a
total thicknessof 700 � m anda heightof 4.4mm is gluedto theedges.Thepositionof theladdersin a
layerareshiftedtangentiallyto ensureanoverlapin �w� of adjacentactive areas.Theactive lengthin 	
is 35.6cm for bothlayers.

Data taken with the H1 detectorare reconstructedonline and the reconstructionmodulesalso
determineimportantparameterslike averagedrift velocities,Lorentz-angleand ¯ U of the CJC1and
CJC2.In additionbeamparameterslike the �w� positionof theprimaryinteractionpoint arerecorded.

In thealignmentprocedure,usingtheprogramMillepede, a largenumberof parametersis deter-
mined;theseparameterarein generalcorrectionsto detectorparametersandrepresentsmall corrections.
It turnedout thata common alignmentof thedrift chamberandthesilicon detectoris essential,afteran
internaldetectoralignment,which alreadydeterminesreasonablestartingvaluesfor alignmentparame-
ters.For eachof thedrift chambersCJC1andCJC214globalparametersrepresentinganoverall shift or
tilt areintroduced.Localvariationsof thedrift velocity � drift for cellshalfsandlayershalfsareobserved,
which areparametrizedby 180 + 112 corrections,which changewith theHV configuration.For each
wire group(8 wires)correctionsto ¯ U areintroduced(330corrections).For thesilicon vertex detector
CST an internalalignmenthasalreadybeendone,using the sametechniques,with in total 384 local
parameters.In thecommonalignmentfit 5 parametersperhalf ladderrepresentingshiftsareintroduced
(320parameters).Table1 containsall parameters.A far aspossibletheparametersaredefinedwith the
dimensionlength. For examplethetime-zeroparametersaremultiplied by themeandrift time. Angles
areparametrizedasshiftsrelative to anormalizedlengthparameter. For example	�° is definedas 	±:*	x²}³�´
andhasa range–1 to +1. Theshift µ2¶ with 	 is parametrizedas µ·¶¸:*	x° andhasthedimensionlength.

In additionto physicsevents(ep interactions)alsocosmictrackswith andwithout ¹ -field were
simultaneouslyusedasinput to thealignment.With combinedfits to bothhalfsof cosmictracksparts
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RMS(dca) vs pt

  24.46    /     4
P1
º

  248.5   2.299
P2
º

  556.8   10.85

2000/11/28   16.56

RMS(Phi0) vs pt
»

  14.65    /     4
P1   1.089  0.1301E-01
P2   4.118  0.6672E-01

RMS(1/pt) vs pt

  5.583    /     4
P1
º

 0.6025  0.6507E-02
P2
º

  1.969  0.3438E-01
Fig. 2: Thestandarddeviationsfor thethree

track parameters¼�½¿¾ (distanceof closest

aproachto the beamaxis), the azimuthal

angle � andof the inversetransversemo-

mentum � �ÁÀ�Â are shown as a function ofÃÅÄiÆ�Ç ¡ À Â � GeV, before(old) andafter(new)

the improved alignment. The standardde-

viationsaredeterminedfrom thedifference

betweenthetwo partsof cosmictracks.

of thedetectorsoppositein � anglearestronglycorrelated.This allows anaccurateinterpolationfrom
thedrift chamberto thesilicon tracker with anaccuracy �`�È� � to 40 � m, which is of thesameorder
of magnitudeasthesilicon tracker accuracy. In total about50 000eventsareusedasinput. Constraints
requiree.g.a zerooverall shift of thedetector. TheCJC2is fixed(first five parameters)vs. thecryostat
on thebasisof externalsurvey dataasreference.

An overview aboutthecorrectionsdeterminedin thealignmentfit is given in Table1, which has
29 rows of differentcorrections.In detailthesecorrectionsareasfollows.

Rows 1 – 6 Theserowscontaingeometricalparameters;in anexternalsurvey thepositionsaremeasured
with anaccuracy of a few 100 � m andangleswith anaccuracy of a few 10 � rad.This accuracy is
increasedby a largefactorin thealignmentfit.

Row 6 This parameteris determinedfrom ¹É� � cosmics(straightline trackmodel).

Rows 11 – 14 Theparametersaredeterminedonly asa check.Their actualvaluesaredeterminedfrom
hit tripletsasa functionof angle r and 	x° ( r is theanglebetweenthetrackandthenormalto the
drift direction).

Row 15,16 Theparameterschangewith theHV configuration.

Row 18,20 Correctionsfor thewire positionin andperpendicularto thedrift direction. Thesecorrec-
tionsaredeterminedin acrosscheckwith ¹Ê� �

cosmictracks,otherwisethedatafrom a survey
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of flangesareused( Ë ��� � m).

Row 21 Thesecorrectionareusedto describethe changesof drift velocity � drift by variationsof the
electronbeamcurrent Ì�Í dueto spacechargeeffects;they aredeterminedonce.

Row 22– 24 Theseparameterschangewith repair/breakdown of HV cards. They are introducedin
orderto correctfor badcathodeHV.

Row 25– 29 Correctionsfor thesilicon vertex detector, five perhalf ladder, determinedin andperpen-
dicularto ladder, on averageandasfunctionof 	 andof � .

Thealignmentis donefor run rangesandrepeatedaftere.g.a changeof theHV configuration.Run-to-
runvariationsof parameters(e.g.theaveragedrift velocity � drift) aretakeninto accountby thedatafrom
theonlinereconstructionasmentionedabove.

trackfit �  t ca!gÎ cmÏ �  � :�G�Ð�!eÎ (GeV/c)
5�6 Ï remark

only 1 trackwith Si hits 0.0209 Ñ±�ÒÑ�Ó � ��� 5 = drift chamberresolution
bothtrackswith at least1 Si hit 0.0032 <±�Ò<�Ô � ���±5 = Si tracker resolution
bothtrackswith at least2 Si hits 0.0028 <±� ��Õ � ��� 5 = Si tracker resolution

Table2: Standarddeviationsin theparameters¼ ½Ö¾ and � �×À Â , determinedfrom thedifferencebetweenthetwo partsof cosmic

tracks.

The alignmentprocedureallows to reachthe intrinsic resolutionnot only locally but also for
completetracks. For the drift chambersCJC1and CJC2the local hit resolutioncan be determined
from local hit triplets as a function of drift distance;the minimum is about120 � m for 1 cm drift
distance.The minimum value from track residualsis about125 � m. For the CST the intrinsic point
resolutionof 15 � m from hits overlapsis alsoreachedglobally. Figure2 shows the improvementfor
trackparameters,determinedfrom datain thecomparisonof parametersbetweenthetwo partsof cosmic
tracks.A significantimprovementis visible for largertrackmomenta.In Table2 thestandarddeviations
in theparameters

twØ ³ and
� :�G�Ð , determinedfrom thedifferencebetweenthetwo partsof cosmictracks,

aregivenfor threedifferenttrackclasses.

ACKNOWLEDGEMENTS

We would like to thanktheorganizersof theconferenceon AdvancedStatisticalTechniquesin Particle
Physicsfor theirhospitalityandthestimulatingatmospherein Durham.

References

[1] V. Blobel and E. Lohrmann,Statistischeund numerischeMethodender Datenanalyse,Teubner,
StuttgartundLeipzig (1998)

[2] A program description for Millepede and the code is available via
http://www.desy. de/˜ bl obe l/ .

[3] Schreiber, O. (1877): Rechnungsvorschriften für die trigonometrischeAbteilung der Landesauf-
nahme,AusgleichungundBerechnungderTriangulationzweiterOrdnung.Handwrittennotes.Men-
tionedin W. Jordan(1910): Handbuch derVermessungskunde,Sechsteerw. Auflage,BandI, Ù III:
429-433.J.B.Metzler, Stuttgart.

[4] H1 Collaboration,TheH1-detectoratHERA, Nucl. Instrum.Meth.,A386, 310– 396(1997)

[5] D. Pitzl etal., TheH1 siliconvertex detector, Nucl. Instrum.Meth.,A454, 334– 349(2000)

277


