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1
Chapter 1Introduction
The discipline of particle physics wishes to answer questions regarding the ultimate realityof the physical Universe. One puzzle is the observed matter/anti-matter asymmetry of theUniverse and the BaBar experiment has been constructed to test one theory that may gosome way to explaining it. The research described here is designed to impact the trackingreconstruction of the BaBar experiment. We will develop and evaluate methods to improvethe rejection of badly reconstructed tracks, namely those where a trajectory that has beenreconstructed from a set of hits as a single track actually contained a deviation that wasnot recognised. Such deviations are commonly referred to as kinks. One process by whicha reconstructed trajectory may contain a kink is the decay-in-
ight of a charged pion to amuon and an associated neutrino. This decay may go undetected, in which case, an unkinkedtrack would be �tted to a set of hits that contain a kink. Failure to detect the kink in thiscase would result in background in the prompt muon sample.The experimental goal of BaBar is the measurement of CP asymmetries in the B mesonsystem. The theory behind this section of the Standard Model and the context in which it ispertinent to the work presented here, will be discussed in more detail in chapter 2. Having



Chapter 1. Introduction 2been designed with speci�c measurements in mind, there were many criteria that the BaBardetector had to meet to enable the determination of CP asymmetries. The detector will bedescribed in chapter 3 with an explanation given of how each subdetector is tuned to meetspeci�c physics goals.Measuring CP asymmetries requires the B 
avour to be tagged. Muon identi�cation inBaBar is relevant in the use, for instance, of prompt muons from semi-leptonic B decays todetermine the 
avour of the parent B particle. This in turn is used to tag the 
avour of theother B in the event. Therefore, identi�cation of the decay-in-
ight of a charged pion to amuon will enable the reduction of fake muon signals in the outer chambers of the detector.Since these fake signals may mimic a prompt muon signal, which may in turn be used to tagB 
avour, reducing them assists in the reduction of mis-tagging. Further discussion of thiswill be left until chapter 2.The decay-in-
ight of a charged pion to a muon is not the only process by which adeviation in a single �tted trajectory may arise. A discrete change at some point may arisefrom a scattering for example, while a continuous parameter change may arise from dE/dxenergy loss or magnetic �eld anomalies. Such deviations introduce correlated shifts in thepositions of sequential measurements. To assist in �nding badly reconstructed tracks wewill introduce novel test statistics, which can be calculated for �tted tracks in real data.These statistics will be applied to address the goodness-of-�t of each individual track andcompared to the usual P(�2) test. They are presented in chapter 4. These tests may beapplied to the output of a Kalman �lter, a method of sequential �tting used in BaBar whichcan account for known sources of correlation. The aim here is to seek statistics that allow us



Chapter 1. Introduction 3to discriminate between tracks with and without deviations. Speci�c Monte Carlo samples ofsingle muons and single pions (with the pion lifetime reduced by a factor of 100 for increasedprobability of decays) were generated to investigate the extent to which these statistics couldremove �+ ! �+��(+ charge conjugate) decays. For a �xed fraction of muons surviving aspeci�c cut on a test statistic (or hypothesis testing variable as they will be called in latersections) the number of pion decay events surviving is examined. The rejection achieved inthis sample was then compared to a sample of simulated B�B events from the BaBar MonteCarlo. Other methods by which kinks may arise were also examined and furthermore, theextent to which these variables perform on the real data of BaBar is studied. These resultsare presented in chapter 5.



4
Chapter 2Theory
2.1 The Standard Model, Quark Mixing and the CKMmatrixThe Standard Model describes the interactions of elementary particles under the in
uence ofthe strong, weak and electromagnetic forces. These are three of the four fundamental forces ofnature; the gravitational force is the weakest and has no measurable e�ect on the subatomicscale. The theory of Quantum Chromodynamics describes the strong interaction while theweak and electromagnetic interactions are described by the uni�ed electroweak theory [1{3].The strong force is mediated by gluons which are responsible for binding quarks togetherinto hadrons. The weak force occurs by exchanging one of three intermediate vector bosons(the W� and Z0) and the electromagnetic force is characterised by the emission or exchangeof a photon which couples to the electric charge of the interacting particle.The elementary particles can be categorised as quarks and leptons, each of which aredivided into three generations. Experimental evidence exists for all six quarks and leptons.As we will describe below, W-boson-mediated interactions between quarks of di�erent gen-erations are allowed and described by the CKM matrix [4]. This is in contrast to leptons,



Chapter 2. Theory 5where interactions between generations do not occur in the Standard Model. Table 2.1 givesan outline of the properties of the fermions, where we split the table into three generationshorizontally. Each particle has an associated antiparticle, with an opposite electric charge.The reason for the absolute mass scale or the progression towards higher masses betweengenerations is not known.Leptons QuarksFlavour Charge Mass(GeV) Flavour Charge Mass�e 0 < 3� 10�9 u +23 1 - 5 MeVe -1 5:11� 10�4 d -13 3 - 9 MeV�� 0 < 1:9� 10�4 c +23 1.15 - 1.35 GeV� -1 0:106 s -13 75 - 170 MeV�� 0 < 18� 10�3 t +23 174:3� 3:1 GeV� -1 1:78 b -13 4.0 - 4.4 GeVTable 2.1: Some properties of the fundamental constituents of matter in the Standard Model.Electric charge is given in units of positron charge. The masses given are the Particle DataBook 2000 evaluations [5].Those quarks and leptons that have an electric charge undergo electromagnetic interac-tions, which are mediated by the photon. Quark 
avour is conserved in these interactions. Allquarks and leptons interact via the charged and neutral weak currents, which are mediatedby the W� and Z0 bosons, respectively. As is the case for the electromagnetic interaction,weak neutral-current interactions conserve quark 
avour. In charged-current interactions onthe other hand, processes such as b ! W��u are allowed, provided that the quarks are left-handed (the notation W�� is used to denote a virtual W�). In addition, W� ! l� ��l decaysare allowed, and governed by a universal coupling constant, g, which is commonly writtenin terms of sin2 �W . �W is the Weinberg weak mixing angle between the electromagnetic andweak interactions, and sin2 �W is expressible as a function of the electromagnetic charge e,



Chapter 2. Theory 6and g thus, e = g sin �W : (2.1)The Cabibbo-Kobayashi-Maskawa (CKM) matrix, VCKM, describes the relative size of thecharged-current weak amplitudes between quarks. For the reaction q ! W��Q, where q isa -1/3 charged quark and Q has a charge of +2/3, the coupling is gVQq, where VQq canin general be complex. For the reaction Q ! W�+q, the coupling is gV�Qq. With threegenerations, VCKM is a 3 x 3 matrix :VCKM = 0B@ Vud Vus VubVcd Vcs VcbVtd Vts Vtb 1CA : (2.2)VCKM provides a connection between quark mass eigenstates (q = (d, s, b)) and weakcurrent eigenstates (q0 = (d0, s0, b0)), so that q0 = VCKMq. In this way, VCKM as writtenhere is unitary, assuming that there exists exactly three generations of quarks. Additionalgenerations would be denoted as extra columns and rows in the matrix.2.2 The Unitarity TriangleThe properties of the CKM matrix may be shown in a number of di�erent parameterizations.The Wolfenstein parameterization [5,6] is a popular approximation where one �xes � as thesine of the well-measured Cabibbo angle [7] and then writes the other elements in terms ofpowers of � V � 0B@ 1� �2=2 � A�3(�� i�)�� 1� �2=2 A�2A�3(1� �� i�) � A�2 1 1CA+ #(�4): (2.3)Tests of unitarity in a CKM matrix consisting of three generations provide ways to search



Chapter 2. Theory 7for new physics. Of particular interest is the orthogonality of the �rst and third columns,VudV�ub +VcdV�cb +VtdV�tb = 0: (2.4)Thus, �VudV�ubVcdV�cb + �VtdV�tbVcdV�cb = 1: (2.5)Additionally if we choose both Vcd and Vcb to be real1, then,�VudV�ubjVcdVcbj + �VtdV�tbjVcdVcbj = 1: (2.6)This constraint is illustrated in �gure 2.1 and is commonly referred to as the \unitaritytriangle". It is important to note that the lengths of all three sides as written above areproportional to �0. The existing experimentally measured constraints on the apex of theunitarity triangle are shown in �gure 2.2. The �tting procedure for this plot is described inthe \Overall determinations of the CKM matrix" in [9].2.3 Why study B physics?There are several reasons why B physics is an interesting area in which to probe the Stan-dard Model and in particular the CKM matrix of quark-mixing and CP violation. The CPviolating phase of the three generation CKM matrix provides an elegant explanation of thewell-established CP violating e�ects seen in K0L decays. However, studies of CP violationin neutral kaon decays and the resulting experimental constraints on the parameters of theCKM matrix do not in fact provide a test of whether the CKM phase describes CP violation.1We are free to choose this parameterization since we can always choose to orient the triangle as we see�t.
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Figure 2.1: The CKM unitarity triangle based on the orthogonality betweenthe �rst and third 
olumns of the CKM matrix. From Ref. [49℄.

Figure 2.1: The CKM unitarity triangle based on the orthogonality between the �rst andthird columns of the CKM matrix [8]
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Figure 8 shows the Unitarity Triangle in the (��; ��) plane, with the region delimited by mea-surements of the magnitude of CKM elements shown in the shaded region. Rather than makethe 
ommon, albeit unfounded, assumption that our la
k of knowledge of theoreti
al quantities,or di�eren
es between theoreti
al models, 
an be parametrized (as, typi
ally, a Gaussian or a 
atdistribution), we have 
hosen to display the ellipses 
orresponding to measurement errors at a vari-ety of representative 
hoi
es of theoreti
al parameters. This pro
edure is dis
ussed in detail in [5℄.There is a two-fold ambiguity in deriving a value of � from a measurement of sin2� . Both 
hoi
esare shown in the 
ross-hat
hed region.While the 
urrent experimental un
ertainty in sin2� is large, the next few years will bringsubstantial improvements in pre
ision, as well as measurements in other �nal states in whi
h CP -violating asymmetries are proportional to sin2�, as well as measurements in modes proportional tosin2�.

0

0.2

0.4

0.6

0.8

1

-1 -0.5 0 0.5 1

sin2β

sin2β

sin2β

sin2β

ρ
_

η_

∆md

|εK|

|Vub/Vcb|

∆ms

Figure 8: Present 
onstraints on the position of the apex of the Unitarity Triangle in the (��; ��)plane. The �tting pro
edure is des
ribed in Ref [5℄. We use the following set of measurements:jV
bj = 0:0395 � 0:017, jVub=V
bj = hjVub=V
bji � 0:002, �md = 0:484 � 0:015 ps�1 and j�K j =(2:279 � 0:018) � 10�3. We s
an the model-dependent parameters hjVub=V
bji, BK and fBdpBBd ,in the range [ 0:082; 0:098 ℄, [ 0:750; 1:050 ℄ and [ 185; 255 ℄ MeV, respe
tively.9 A
knowledgmentsWe are grateful for the 
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hine 
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Figure 2.2: Present constraints on the position of the apex of the unitarity triangle in the(�; �) plane. Each contour centred with a dot represents the 95% con�dence level for a �xedset of theoretical parameters. �ms arises from Bs mixing and is a single line which excludesthe region to the left. �md is found experimentally from Bd mixing and has upper and lowerbounds. Each of these curves corresponds to a circle centred at � = 1. Constraints from j�kjmeasurements are shown bound by two hyperbolas. jVubVcb j constrains the apex within thesemi-circular bands enclosed by the � axis. There is two-fold ambiguity in deriving a valueof � from a measurement of sin2�. These choices are shown in the cross-hatched regions,which correspond to the 1� and 2� bands around the central value for sin 2� measured bythe BaBar collaboration.



Chapter 2. Theory 10If we examine the CKM matrix as written in equation 2.3 one can see that there are fourparameters (�, A, � and �) that are contained in the nine elements. The parameters A, �and � are only accessible through looking at reactions involving third generation quarks.This provides a direct reason to look at the physics of the b quark. At present energies itis the only third generation quark that is readily accessible in large numbers. This sensitivityallows measurements to be made in order to determine many of the properties of the unitaritytriangle, as shown in �gure 2.1. The angle � can be obtained in BaBar using, for example,the decay B0 ! J/ K0S which will be mentioned in section 2.4.5. The angle � can bedetermined by the decay B0 ! ����. Also information regarding the length of the side ofthe triangle (see �gure 2.1) can be obtained by measuring jVubj from, for instance, semi-leptonic B decays and jVtdj via B0d oscillations. It is clear, therefore, that the B systemprovides a rich area in which to measure Standard Model parameters and also to search fornon-Standard Model processes.2.4 CP Violation in the B Meson SystemAs has been mentioned, the main aim of the BaBar experiment is to study CP violationin the neutral B meson system. CP violation is one of the least well tested aspects of theStandard Model and so far has been seen only in the neutral K meson system [10]. However,it is one of the necessary conditions to explain the baryon asymmetry of the universe [11]and is an essential property of the CKM picture of the quark sector [4]. In this we refer tothe single Kobayashi-Maskawa phase in the CKM matrix which is the single source of CPviolation in the Standard Model.



Chapter 2. Theory 112.4.1 Neutral Meson MixingConsider a system of two degenerate states j 1i and j 2i. Suppose an interaction exists totransform j 1i into j 2i and vice versa. If one starts o� with an initially pure state of  1then at some time later one will in general have a  1 �  2 mixture and the eigenstates ofthe system will no longer be degenerate. If we consider only cases where the j 1i and j 2iare, in fact, particle and antiparticle, j i and j i, then, if A and B are the matrix elementsof the possible mixing (which contain elements of the mass and decay matrices), we obtainfor the time dependent parts of the Schr�odinger equationi @@t  j ij � i ! =  A BB A ! j ij � i ! : (2.7)The eigenvalues are readily found to be A+B and A�B and the two decoupled modes are:j +i = 1p2(j i+ j i); j �i = 1p2(j i � j i): (2.8)The original states j i and j i are eigenstates of the strong interaction. These decoupledstates, however, are eigenstates of mass and of CP. In particular,dCP j �i = �j �i: (2.9)Thus far the framework for a mixing, CP conserving neutral meson system has been outlined.To get the full picture, one must allow for the possibility of CP violation and rewrite themixing equations thus i @@t  j ij � i ! =  A B(p=q)(q=p)B A ! j ij � i ! : (2.10)



Chapter 2. Theory 12Again one can decouple the modes by diagonalising the matrix, the decoupled states arethen found to be j Si = qj i+ pj i; j Li = qj i � pj i (2.11)with the masses and widths of the states coming from the real and imaginery parts of A�Bas before. The fact that CP-violating e�ects are small means that q=p is approximately 1and that  S and  L are almost the same as  + and  �. In practice, it is convenient to usethe parameter � which is de�ned as � = 1� q=p1 + q=p: (2.12)2.4.2 Time Evolution of Neutral Bd MesonsWe de�ne the light BL and heavy BH neutral Bd meson mass eigenstates as linear combina-tions of the 
avour eigenstates jBLi = pjB0i+ qj�B0i (2.13)jBHi = pjB0i � qj�B0i (2.14)where p and q are complex and obey the normalisation conditionjqj2 + jpj2 = 1: (2.15)The mass di�erence �mB and the width di�erence ��B between the two states are de�nedas follows: �mB �MH �ML; ��B � �H � �L; (2.16)so that �mB is positive by de�nition. The lifetime di�erence has not yet been measured butis expected to be negligible.



Chapter 2. Theory 13Any B state can be written as an admixture of BH and BL, with amplitudes that evolvein time aH(t) = aH(0)e�iMHte� 12�Ht; aL(t) = aL(0)e�iMLte� 12�Lt: (2.17)A state which is created at time t = 0 as a pure B0 state has aL(0) = aH(0) = 1=(2p). Aninitially pure �B0 state has aL(0) = �aH(0) = 1=(2q) (from equations 2.13 and 2.14). Takingthe approximation �H = �L(= �) gives the time evolution of these states to bejB0(t)i = g+(t)jB0i+ (q=p)g�(t)j�B0i; (2.18)j�B0(t)i = (p=q)g�(t)jB0i+ g+(t)j�B0i; (2.19)where g+(t) = e�iMte� 12�t cos(�mBt=2); (2.20)g�(t) = e�iMte� 12�ti sin(�mBt=2); (2.21)and M = 12(MH +ML). These results will be useful when we describe how CP violationarises in B decays.2.4.3 Coherent Production of B Meson PairsThis section considers the consequences of producing neutral B mesons at a `B Factory',(such as BaBar) that is an e+e� collider operating at the �(4S) resonance. In this situation,the B0 and �B0 are produced in a coherent state with L=1. One way to view this state isthat each of the two particles evolve in time as a single B would. However they evolve inphase such that at any one time, until one of them decays, they are always orthogonal linearcombinations of BL and BH . After the decay of one of the particles, the other continues toevolve until it, in turn, decays.



Chapter 2. Theory 14Therefore one may exploit the 
avour correlation between the two B's to determine the
avour of each B meson. To measure CP asymmetries one typically looks for events whereone of the B mesons decays to a CP eigenstate �nal state fCP at time tf , while the seconddecays to a tagging mode, that is a mode which identi�es its b-
avour, at a time ttag. Saythat one B was identi�ed as a �B0 through its decay to a tagging mode. This then identi�esthe other particle as a B0 at time t = ttag.2.4.4 The Three types of CP Violation in B DecaysGiven this knowledge of the time evolution, and mixing of neutral B mesons we can discussthe di�erent ways in which CP violation can occur in this system. Study of both neutral andcharged sectors has relevance to CP measurements. There are three possible manifestations ofCP violation within the B meson system and these can be expressed in a model independentway :1. CP violation in decay, which occurs in both charged and neutral decays, when theamplitude for a decay and its CP conjugate process have di�erent magnitudes. This requiresthe contribution of at least two decay amplitudes.2. CP violation in mixing, which results from the two neutral mass eigenstates beingdi�erent from the CP eigenstates. Therefore q=p 6= 1 gives CP violation of this type.3. CP violation in the interference between decays with and without mixing, which occursin decays into �nal states that are common to B0 and �B0. It may occur in combination withthe other two types but in BaBar there are cases when, to an excellent approximation, it isthe only e�ect.



Chapter 2. Theory 15It is useful to identify a particular CP-violating quantity, for each case, that is indepen-dent of phase conventions, and discuss the types of processes that depend on this quantity.Since the third of the types mentioned is of speci�c relevance in BaBar this will be describedin further detail in the following subsection. Much of what is to follow and information onthe other two types of CP violation can be found in [9].2.4.5 CP Violation in the Interference between Mixing and DecayNow consider neutral B decays to �nal states which are eigenstates of CP, fCP. Such statesare accessible in both B0 and �B0 decays. The physically meaningful phase convention ind-ependent quantity here is: � � qp �AfCPAfCP = �fCP qp �A �fCPAfCP (2.22)where �fCP(= �1) is the CP eigenvalue of the state fCP and�AfCP = �fCP �A �fCP: (2.23)When CP is conserved, jq=pj = 1, j �A �fCP=AfCPj = 1 and importantly for this type of CPviolation, � (not to be confused with the Wolfenstein �) has no overall phase. In the absenceof CP violation in decay and in the mixing (j�j = 1) the time dependent CP asymmetry canbe expressed as: afCP(t) = �Im(�) sin(�mBt) (2.24)where t is the time di�erence between the decays of the two B mesons, tfCP � ttag. Thus,even if CP violation in decay and CP violation in mixing are not present there can still be anasymmetry when Im(�) 6= 0. This is called CP violation in the interference between decays



Chapter 2. Theory 16with and without mixing here. It is sometimes abbreviated to, \interference between mixingand decay".An example of a decay through which the angle � of the unitarity triangle can be measuredis B0 ! J/ K0S. Recall that we de�ned � previously in equation 2.22. The q=p part of thiscomes from B0 mixing processes such as those in �gure 2.3(a). There is also an extracontribution to � to account for K0 mixing:� =  qp !  �AA !  qp !K (2.25)
The decay part is given by tree level processes such as those in �gure 2.3(b):�AA = VcbV�csV�cbVcs (2.26)and the full expression is�(B0 ! J= K0S) =  V�tbVtdVtbV�td !  VcbV�csV�cbVcs !  VcsV�cdV�csVcd ! (2.27)which gives Im(�) = � sin(2�): (2.28)This quantity can be measured as is shown in equation 2.24.2.5 The physics impact of this researchThe speci�c importance of the B0 ! J/ K0S decay mode mentioned in section 2.4.5 tothe work presented here lies in the reconstruction of the B meson, and more speci�callythe tagging of B meson 
avour. Muon identi�cation is used in tagging the 
avour of the
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Figure 1.2: Feynmann diagrams for (a) neutral B meson mixing and (b) a typi
altree-level de
ay.whi
h gives =(�) = � sin(2�): (1.93)This quantity 
an be measured as shown in equation 1.46.An example of measuring the angle � is through the de
ay B0 ! �+��. In this 
asethe expression for � is�(B0 ! �+��) =  V �tbVtdVtbV �td! VubV �udV �ubVud!) =(�) = sin(2(� � � � 
))= sin(2�): (1.94)The angle 
 
ould be measured in B0s ! �K0S de
ays. This brings in the extra term

Figure 2.3: Feynmann diagrams for (a) neutral B meson mixing and (b) a typical tree leveldiagram.



Chapter 2. Theory 18parent B particle through semi-leptonic decays such as B! X ��, where the X represents ameson, and the muon charge indicates the charge of the weakly decaying b quark2. For thiskind of measurement to be successful and accurate, good muon identi�cation is vital andso any contamination in the muon chambers from fake signals arising from decays, such as�+ ! �+��(+ charge conjugate) for example, may degrade the ability to determine the b
avour.For events where one B has been reconstructed in a CP eigenstate, decay products fromthe other B are used to determine the tagging category. The measured asymmetry is associ-ated to the true asymmetry by a dilution factor(D). We can write this as aobs(t) = D�atrue(t),where aobs and atrue are the measured and the true asymmetries respectively. For each tag-ging category (muons for example) the dilution factor is given by Di = (1� 2wi), where wiis the mis-tag fraction, the probability of wrongly assigning the opposite tag to an event ofthis category.However, this study will not only be interested in decays-in-
ight. We will be seekingmethods by which tracks which may have some error in their reconstruction can be identi�edand dealt with accordingly. This is important since cleaning up tracking samples and identi-fying processes by which bad tracks arise enables us to correct mistakes, reduce measurementerrors on calculations and work with tracks of greater accuracy.
2A caveat to this is a lepton originating from a cascade decay (b ! c ! s) in which case the sign of thecharge may be opposite that of the b quark. One can distinguish between leptons from cascades and leptonsfrom semi-leptonic decays by using the momentum of the lepton in the �(4S) rest frame.
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Chapter 3The BaBar Detector
3.1 Introduction
In order to measure CP asymmetries in many di�erent B meson decay modes the BaBardetector had to meet certain criteria. In general there should be the maximum possibleacceptance in the center-of-mass system. In order to measure CP asymmetries successfullyone needs to accurately measure �t, the di�erence in the decay times of the two B mesons.The SLAC B factory employs an asymmetric collider, where the beams of electrons andpositrons are of di�ering energies, and occupy separate rings. The detector is necessarilyasymmetric to account for this e�ect as well as possible. To provide enough B mesonsto measure rare decay modes, the machine must operate at high luminosity1. The highluminosity of PEP-II requires that some machine components be very close to the interactionregion (see later) and these had to be accomodated in the detector design. The detector alsorequires excellent momentum resolution for charged particles, excellent energy resolution for1Where luminosity is the number of particles per unit time per unit area or the reaction rate divided bythe interaction cross-section



Chapter 3. The BaBar Detector 20photons and excellent mass resolution for all particle types. Another requirement here is theneed to minimize multiple scattering. It should be possible to track charged particles overthe range �60 MeV/c < Pt < �4 GeV/c. Good lepton and kaon identi�cation is necessaryfor fully reconstructing B decays and distinguishing amongst �nal states.More speci�cally, individual sections of the detector have their own requirements gearedtowards achieving the best possible physics performance. The vertex resolution must beexcellent since the di�erence in decay time of the two B mesons is measured in terms ofthe di�erence in the z-components (where z is de�ned to be along the beam axis) of theirdecay positions. High quality vertexing is also an important factor in discriminating betweenbeauty, charm and light-quark vertices.There must be particle identi�cation capabilities allowing discrimination between e, �,�, K and p over a wide kinematic range. Flavour tagging of B mesons with high e�ciencyand purity is only possible with good e, � and K identi�cation. In addition, �-K sepa-ration at around 2-4 GeV/c is necessary in order to distinguish between �nal states suchas B0 ! �+�� and B0 ! K���. There is a need for photon and �0 detection over therange �20 MeV < E < �5 GeV since the �nal states often contain one or more �0s. Fi-nally, the detector should have the ability to identify neutral hadrons. This is important forreconstructing channels such as B0 ! J/ K0L.3.2 The PEP-II Asymmetric ColliderPerhaps the best environment in which to study CP violation in the B meson system is thatprovided by an asymmetric e+e� collider operating at the �(4S) resonance. The low Q-value



Chapter 3. The BaBar Detector 21of the �(4S) ! B�B decay means that if such a collider had beams of equal energies the Bmesons would be produced almost at rest. The asymmetry produces a moving center-of-masssystem in the laboratory frame which allows the di�erence in B meson decay lengths to bemeasured.To produce an asymmetric collision PEP-II uses two rings. One (the High Energy Ringor HER) contains electrons at 9 GeV and the other (the Low Energy Ring or LER) containspositrons at 3.1 GeV. This produces a relativistic boost in the laboratory frame for theresulting B mesons of �
 = 0.56. The electrons and positrons are injected from the SLAC2linac. The design luminosity of the machine is 3 � 1033 cm�2s�1.The high luminosity and asymmetry of the PEP-II machine resulted in some unconven-tional design choices for the interaction region to achieve currents of the required magnitudewhile also reducing the machine backgrounds. The beams are bent near the interactionpoint(IP) since they must be brought together just before the IP and then separated again,into separate rings, before the next collision would take place. This requires strong focussingof the beams which is achieved by having quadrupoles near to the IP, and then separation ofthe beams by using dipole magnets. Higher levels of synchrotron radiation than are presentin more conventional e+e� machines result from this bending of the beams. This can sendo�-energy beam particles and synchrotron radiation into the detector. The challenge is toachieve similar background rates to those at existing colliders while operating at an order ofmagnitude higher beam current than that achievable in the majority of colliders. There arethree main sources of background for the detector which have been identi�ed as synchrotron2Stanford Linear Accelerator Center.
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Figure 3.1: The PEP scaled luminosity integrated over the whole of the year 2000 datataking run.



Chapter 3. The BaBar Detector 23radiation, lost particles due to bremsstrahlung with residual gas molecules and lost beamparticles due to Coulomb scattering o� residual gas molecules. Improving the vacuum in thebeampipe will reduce the number of residual gas molecules and hence reduce the background.If the background becomes too high the detector can su�er from excessive occupancy and/orradiation damage.The luminosity performance of PEP-II is one of the remarkable achievements to date ofthe B factory as a whole. During the latest run PEP-II has been setting new peak luminosityrecords on a regular basis (at time of writing the highest achieved is 3 � 1033 cm�2s�1),sometimes even surpassing the previous best on the very next shift. In addition to this, theintegrated luminosity delivered by PEP-II has recently passed 25 fb�1. Plans are afoot toachieve even higher luminosities in upcoming runs. Figure 3.1 shows the integrated scaledluminosity as a function of the date for data taking at BaBar throughout the year 2000. Wesee a steady increase during the whole year with brief plateaus in the plot corresponding toshutdown times.3.3 Detector OverviewThe BaBar detector was designed and constructed in such a way as to ful�ll all the require-ments mentioned in section 3.1. A cutaway picture of the detector is shown in �gure 3.2.The detector can be isolated into six main subsystems (which we have numbered by theirradial position from the interaction point):1. The Silicon Vertex Tracker(SVT), which provides very accurate position informationfor charged tracks. In addition it is the only tracking device for charged particles with very
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J. Cohen-Tanugi 12 grad. seminar, November 99Figure 3.2: A view of the BaBar detector, see text for further information.



Chapter 3. The BaBar Detector 25low transverse momentum.2. The Drift Chamber(DCH), which has a helium based gas mixture in order to minimizemultiple scattering. It provides the main momentum measurement for charged particles andalso contributes particle identi�cation information through dE/dx.3. The Detector of Internally Re
ected �Cerenkov light(DIRC), which is optimized forcharged hadron particle identi�cation.4. The Electromagnetic Calorimeter(EMC), which consists of Caesium Iodide crystals.In addition to detecting neutral electromagnetic particles it provides electron identi�cationand information for neutral hadron identi�cation.5. The superconducting solenoid, which produces a 1.5 T magnetic �eld.6. The Instrumented Flux Return(IFR), which provides muon and neutral hadron iden-ti�cation.The next few sections will describe in detail the individual detector components.3.4 The Silicon Vertex TrackerThe main aim of the BaBar vertex detector is to reconstruct the B meson decay verticesso that the time di�erence between them can be measured. This in turn is necessary fora measurement of CP violation to be made. The innermost points on a track, which aremeasured by the SVT, provide the most accurate measure of the track angles � and � as well



Chapter 3. The BaBar Detector 264.2 Vertex Detector Overview 101

Figure 4-1. Three-dimensional cutaway view of the SVT.

Figure 4-2. Cross-sectional view of the SVT in a plane containing the beam axis.
Technical Design Report for the BABAR Detector

Figure 3.3: A three-dimensional cutaway view of the BaBar silicon vertex tracker.as the x-y impact parameter with respect to the interaction point. In addition, the SVT issolely responsible for tracking charged particles with Pt < 100 MeV/c.At PEP-II the mean value of the separation of the B vertices is � 250 �m. A singlevertex resolution of better than 80 �m is required to resolve the two B decay vertices. Thisis well within the capabilities of modern silicon microstrip detectors. The multiple scatteringin the beam pipe, and in the silicon itself, sets a lower limit on the useful intrinsic resolution.The inner layers achieve a point resolution of 10-15 �m and the outer layers 30-40 �m. Also,the SVT needs to cover the largest possible solid angle for acceptance. Limitations on thisare set by the dipole bending magnets placed close to the interaction point and varioussupport structures and electronics. The polar angle coverage is from 20:1� to 150:2�.
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Figure 4-3. Cross-sectional view of the SVT in a plane perpendicular to the beam axis.The lines perpendicular to the detectors represent structural beams.between the 
oating strip and the neighboring strips results in increased charge sharingand better interpolation. For larger incident angles, the wider readout pitch minimizes thedegradation in resolution that occurs because of the limited track path length associatedwith each strip. These issues are discussed in more detail in Section 4.3.The design has a total of 340 silicon detectors of seven di�erent types. The total silicon areain the SVT is 0.94m2, and the number of readout channels is �150,000.4.2.3 Electronic ReadoutAs emphasized above, all readout electronics are located outside the active volume, below300mr in the forward direction and below about 500mr in the backward region. To ac-complish this, � strips on the forward or backward half of a detector module are electricallyconnected with wire bonds. This results in total strip lengths associated with a single readoutchannel of up to �14 cm in the inner three layers and up to �24 cm in the outer two layers.Technical Design Report for the BABAR Detector

Figure 3.4: A cross-sectional view of the SVT in the plane perpendicular to the beam axis.The lines perpendicular to the detectors represent structural beams.The SVT has 5 layers of silicon microstrip detectors. The inner two layers are themost important for the impact parameter measurements since they are the closest to theinteraction point. They should have good point resolution and a high e�ciency. The outertwo layers are useful for alignment with tracks detected in the drift chamber (see nextsection). The middle layer gives extra tracking information particularly for charged particlesthat do not reach the drift chamber. Studies were carried out to determine how best tooptimize the resolution of the di�erent layers and can be found in [12, 13].The SVT consists of �ve concentric cylindrical layers of double-sided silicon detectors.Each layer is divided around the azimuthal angle into modules. The inner three layers havesix modules each, in a barrel arrangement. The outer two layers have 16 and 18 modulesrespectively and form an arch structure. This feature increases the solid angle coverageand avoids large track incidence angles. Each module is divided into forward and backward



Chapter 3. The BaBar Detector 28half-modules which are kept electrically isolated from one another. Half-modules containbetween two and four detectors. The inner sides of the detectors have strips which areoriented perpendicular to the beam direction to measure the z coordinate. The outer sideshave strips orthogonal to the z strips to measure the � coordinate. In total there are 340silicon detectors covering an area of � 1 m2 and about 150,000 readout channels. Figures 3.3and 3.4 show schematic views of the silicon vertex tracker.3.5 The Drift ChamberThe BaBar drift chamber is the main tracking device of the detector. It has a high e�ciencyfor charged tracks with a transverse momentum of greater than 100 MeV/c. It provides aspatial resolution of better than 140 �m and a dE/dx measurement with a resolution of 7%.For tracks with Pt > 1 GeV/c the momentum resolution is �Pt=Pt � 0:3%. The trackingcoverage/4� is 0.92. In addition the DCH serves as one of the principle triggers3 for theexperiment. Since the material in the DCH a�ects the performance of the DIRC and theelectromagnetic calorimeter, it was built using lightweight materials and uses a helium-basedgas mixture. The readout electronics are mounted on the rear endplate in order to reducethe amount of material in the forward region (since the distribution of tracks will be biasedtoward the forward region we want to have as little material there as possible). A moredetailed description can be found elsewhere [14].The BaBar drift chamber is a 280 cm long cylinder with an inner radius of 23.6 cm andan outer radius of 80.9 cm. The endplates are made of aluminium with the forward endplate3We discuss what is meant by a trigger in section 3.9
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Figure 3.5: A side view of the BaBar drift chamber (the dimensions are expressed in mm).being half as thick as the rear one at 12 mm. The inner cylinder is 1 mm or 0.28% X0 ofberyllium and the outer cylinder consists of two layers of carbon �ber on a Nomex core,corresponding to 1.5% X0. Figure 3.5 shows a schematic side view of the drift chamber.There are 7104 hexagonal drift cells with a typical dimension of 1.2 x 1.8 cm2. They arearranged in 10 superlayers each consisting of 4 layers. Axial(A) and stereo(U,V) superlayersalternate according to the pattern shown in �gure 3.6. The angle of the stereo wires, withrespect to the axis of the chamber, varies from 40 mr in the innermost stereo superlayer to70 mr in the outermost stereo superlayer.The sense wires are 20 �m gold-plated tungsten-rhenium and carry 1960 V (althoughsome data were recorded with 1900 V). The �eld wires are 120 �m and 80 �m gold-platedaluminium. The �eld-shaping wires at the boundaries of the superlayers carry 340V andother �eld wires are connected to ground. The gas mixture is helium-isobutane (80%:20%)



Chapter 3. The BaBar Detector 30and is chosen to provide good spatial resolution and dE/dx resolution with a short drift timewhile minimizing the amount of material present. The gas and wires correspond to 0.3% X0for a track at 90� [15]When a particle passes through the BaBar drift chamber the gas in the chamber isionized and the time for liberated electrons to drift from the production point to the anodeis measured. This time is transformed into a drift-distance by using the drift-velocity of theelectrons. The signal measured on the wires is ampli�ed due to avalanche multiplication inthe gas prior to reaching the detection wires. Each initial ionized electron produces on theorder of 104 � 105 electrons, hence enabling the problem of electronic noise to be overcome.When measuring drift-time, the electronics looks for the leading edge of the signal from thecharge that arrived at the sense wire. The time is then digitized with a resolution of 1 ns.For dE/dx measurements, the total charge in the pulse is summed. A requirement of theBaBar DCH electronics is to not degrade the intrinsic resolution of the chamber by morethan 10%.The ampli�er, digitizer and trigger interface electronics are mounted on the rear endplateof the drift chamber, in water-cooled aluminium boxes. The electronics provides triggerinformation by sending the data from all the 7104 channels to the level 1 trigger system witha sampling frequency of 3.75 MHz. The system is designed to maintain good performanceeven in the presence of high backgrounds with a single-cell e�ciency for the trigger signal ofgreater than 95%.
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Figure 3.6: Arrangement of superlayers in BaBar drift chamber.



Chapter 3. The BaBar Detector 323.6 The DIRCThe DIRC, Detector for Internally Re
ected �Cerenkov light, is a new type of particle identi-�cation(PID) device. The PID requirements of the BaBar experiment are based around theneed to tag the 
avour of B meson decays, and to distinguish between di�erent decay chan-nels. To satisfy the tagging requirement, the DIRC must provide excellent kaon and pionidenti�cation up to momenta of about 4 GeV/c. The need to distinguish between di�erentstates is important in rare decays used to measure the CP angles. In addition to good K/�discrimination the DIRC may assist in muon identi�cation in the range where the IFR isine�cient, below � 750 MeV/c.The concept of the DIRC is the inverse of that for traditional ring-imaging �Cerenkovcounters (RICH) in that it relies on photons that are trapped in the radiator through totalinternal re
ection. A �Cerenkov photon will typically undergo approximately 200 `bounces'within the quartz [16], the actual number being dependent on the dip angle of the trackand hence the photon angle in the quartz, and independent of particle type to a goodapproximation [17]. The �Cerenkov radiation is emitted at a well known angle with respectto the track direction, namely �c = arccos(1=�n) where n is the refractive index of theradiator medium.The DIRC radiator consists of 144 bars of synthetic quartz arranged in a 12-sided polyg-onal barrel shape. The quartz extends through the magnet 
ux return in the backwarddirection in order to bring the �Cerenkov light outside the tracking and magnetic �eld vol-umes. All of the readout happens at this end in order to help reduce the amount of material



Chapter 3. The BaBar Detector 33in the forward direction. The forward end has mirrors at the ends of the bars which re
ectlight back towards the instrumented end.The DIRC occupies only 8 cm of radial space and represents 14% of an X0 for a particleat 90� [9]. The design aims to minimize the e�ect of the DIRC on the calorimeter behind it.Coverage in the polar angle in the center-of-mass frame is 87% and in the azimuthal angleit is 93%.Before detection the �Cerenkov image is allowed to expand in a tank of puri�ed waterwhose refractive index matches well that of the quartz bars (for which n=1.474). At thefar end of the tank is an array of photomultiplier tubes (PMTs) lying on a surface which isapproximately toroidal so as to make the photon path length constant at 1.2 m over a largeangular range. The backward end of each bar has a small, trapezoidal piece of quartz gluedto it. This allows for a reduction in the number of PMTs required by folding one half of theimage onto the other half and also re
ecting photons with large angles in the radial directionback into the detection array. There are about 11,000 PMTs and the stando� box is �lledwith 6 m3 of water.The di�erence in �Cerenkov angle between a pion and a kaon at 4 GeV is about 6.5 mr.This requires the �Cerenkov angle of a track to be resolved to 2 mr or better to achieve goodK/� separation. This is achievable given a single photoelectron resolution of the order of9 mr and between 25 and 50 photoelectrons per track [9].



Chapter 3. The BaBar Detector 343.7 The Electromagnetic CalorimeterThe physics that the BaBar experiment has been designed to study requires excellent elec-tromagnetic calorimetry. On average generic B decays contain 5.5 photons with about half ofthe photon energies below 200 MeV [18]. This causes the �0 and B reconstruction e�cienciesto fall o� very quickly as the minimum detectable photon energy increases. In addition manyof the B decays used to study CP violation contain at least one �0 and have characteristi-cally small branching ratios. Thus, high e�ciency for low energy photons along with goodenergy and angular resolution is required to accurately reconstruct these states and improvetheir signal-to-background ratios. The calorimeter also facilitates lepton identi�cation byproviding e/� and e/� separation and therefore provides one of the B 
avour tags requiredby all CP analyses.The BaBar calorimeter uses a quasi-projective arrangement of crystals made from Thal-ium doped Caesium Iodide covering a range of center-of-mass solid angle for photons of-0.916 � cos � � 0.895. The crystals are divided up into two main sections, the barrel andthe forward endcap. There are 5760 barrel crystals, arranged in 48 theta rows, each row hav-ing 120 identical crystals around �. The length of the crystals varies from 29.76 cm (16.1 X0)at the rear of the barrel to 32.55 cm (17.6 X0) at the front.3.8 The Instrumented Flux ReturnThe outermost detector in BaBar consists of layers of resistive plate chambers (RPCs) whichuse the iron of the magnet return yoke as an absorber. It is optimized for the identi�cationof muons and the detection of neutral hadrons. The IFR consists of a barrel section and



Chapter 3. The BaBar Detector 35forward and backward endcaps. The endcaps allow the solid angle coverage to go down to300 mr in the forward direction and 400 mr in the backward direction.The graded segmentation of the iron, which varies from 2 cm to 10 cm is a novel featureof the experiment. It allows for both improved muon identi�cation at low momenta andbetter K0L detection.3.9 The Trigger SystemThe purpose of the BaBar trigger system is to select interesting physics events, with a highand well known e�ciency, for mass storage. The two main components are Level 1, whichruns in hardware and Level 3, which is implemented in software. From the PEP-II beamcrossing rate of 238 MHz, the Level 1 trigger must accept events no faster than 2 KHz, asrequired by the data acquisition system.The data for the Level 1 trigger comes from two di�erent subdetectors of BaBar - the driftchamber (which is sensitive to charged tracks) and the electromagnetic calorimeter (which issensitive to charged tracks and photons). This information is then passed to a global trigger,which also uses information from the IFR to veto cosmic ray events. Using two independentsystems has great advantages - the trigger will be more reliable and each can be used tocheck the other.The Level 3 trigger (or L3) contains a 
exible combination of tools to reduce backgroundswhile keeping the interesting physics events. L3 is designed to further reduce the rate to nomore than 120 Hz at design luminosity. This is achieved by using a hierarchy of algorithms,which are constructed from a set of �lters and tools so that the decision of whether to keep



Chapter 3. The BaBar Detector 36an event can be made as quickly as possible. L3 then categorizes events into topologicalfamilies and applies rules to these families to determine whether to log events [19]. In Level3, the rates of all physics processes (except for e+e� ! e+e�) amount to about 20 Hz of the120 Hz budget at design luminosity.With the PEP-II beam crossing rate of 4.2 ns it is impossible to tell, in real time, whichbeam crossing an event came from. Therefore we use information from the reconstructionto determine this. Using segments found independently in each drift chamber superlayerone can relate the measured delta T0 to the time of the interaction producing the particle,accounting for the time of 
ight of the particle. The resulting resolution on the collision timeis � 1 ns for multi-hadron events.
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Chapter 4Track Fitting and Hypothesis Testing
4.1 IntroductionWhen proceeding to �t a trajectory one is aiming to determine a set of parameters and totest the trajectory hypothesis. The primary focus of this section will be on the hypothesistesting aspect of track �tting.In the BaBar tracking volume we obtain measurements in the form of hits on the siliconwafers in the SVT, and the wires in the DCH. From these we then reconstruct the tracks and,test the hypothesis that the particular set of hits is validly described by the parameterisedtrajectory. The methodology behind this can be thought of in two distinct parts, `track�nding' and `track �tting'. Track �nding seeks to recognise patterns among the hits in anevent; once a pattern is distinguished the track �tting algorithms are then run to reconstructthe path taken by the particle that is thought to have yielded that set of hits and to test theconsistency of the hits with the �tted trajectory. Herein, a simple track �tting algorithmwill be described and then improvements on this which lead to the BaBar Kalman Filter,the track �tting algorithm used in BaBar, will be discussed.



Chapter 4. Track Fitting and Hypothesis Testing 384.2 Fitting TechniquesWhen charged particles pass through an axial magnetic �eld, along the z axis, the trajectoriesformed are helical. These trajectories can then be factored into two separate parts, a circlede�ned in the x-y plane and a straight line in the s-z plane, s being the distance travelledfrom the point-of-closest approach to the origin. Splitting this helix into two separate partssimpli�es the track �tting somewhat and results in no loss of information if the x-y ands-z measurements are independent. In BaBar, this is not the case since the stereo wires ofthe drift chamber couple z and r-� information. However, in the simpli�ed Monte Carlosimulation that was generated to examine the hypothesis tests (see section 5.1) the track�t was separated into x-y and s-z �ts and only the x-y �t was used in the evaluation ofhypothesis tests.4.2.1 Least-squares FitThe least-squares technique involves minimizing a sum of squared di�erences between thedata and expectation, usually with some error measure (or weight factor) speci�ed. Supposethere are a set of N measurment points, xi, where the ith measurement yi is assumed to bechosen from a Gaussian distribution where F (xi; a) is the mean and �2i the variance. �2 canbe written as, �2 = NXi [yi � F (xi; a)]2�2i : (4.1)If the theory prediction is a function which is linear in the � unknown parameters a, we canwrite it as, F (xi; a) = �X�=1 a�f�(xi): (4.2)



Chapter 4. Track Fitting and Hypothesis Testing 39where the f� are � linearly independent functions, which are single valued over the allowedrange of x. Using the de�nitions, g� = NXi yif�(xi)�2i (4.3)and V �1�� = NXi f�(xi)f�(xi)�2i ; (4.4)the parameters, a, that minimize �2 by setting @�2@a� = 0, for all � can be found. This minimumvalue of �2, denoted as �2min, then allows one to test how probable the data were given thetheoretical hypothesis. The probability of acquiring a �2min value at least as large as theone obtained is then given by the integral distribution of �2 for n degrees of freedom, wheren = N � �.A more general de�nition of equation 4.1 arises when considering that the measured yi'sare not independent, and one must consider them as coming from a multivariate distributionwith a non-diagonal covariance matrix, S. This generalization can be written as,�2 =Xij [yi � F (xi; a)]S�1ij [yj � F (xj; a)]: (4.5)The extended de�nitions of equations 4.3 and 4.4 can then be written as,g� =Xij yif�(xj)S�1ij ; (4.6)and V �1�� =Xij f�(xi)f�(xj)S�1ij : (4.7)The construction of the covariance matrix, S, is simpli�ed in that the contributions to S areadditive. However, since S�1 is required there is still an expensive matrix inversion whichmust take place.



Chapter 4. Track Fitting and Hypothesis Testing 40�2 can be rewritten in the compact form,�2 = �TS�1�; (4.8)where � is the di�erence between the track parameter measurements (yi) and the actualparameterized trajectory (F (xi; a)) and S is the covariance matrix of errors. The elements onthe principal diagonal of the covariance matrix are �ii where i = 1; 2; ::::; N , N correspondingto the total number of hits used in the initial �tted trajectory and the � corresponding tothe variances of the individual measurements. The o�-diagonal elements are the covariances�ij (where i 6= j) of the variables we measure.4.2.2 Kalman FittingThe Kalman �lter is well established as the standard formalism for �tting tracks in high-energy physics experiments [20,21]. This stepwise parameter estimation technique was orig-inally developed in the early 1960's to predict the trajectories of rockets given a set of theirpast positions. It can be used for our purposes to handle multiple scattering while estimatingtrack parameters.One �ts sequentially along the trajectory extrapolating towards the next point of mea-surement, at each juncture including terms for multiple scattering into the covariance, andthen incorporating the information contained in this new measurement. This extrapolationis normally carried out over small distances and therefore we can linearize the trajectorytaken by a particle, between measurement points, without losing precision. If one picturesa particle that begins its path travelling along the x axis of some material, which producesscattering between the measurement points, then the Kalman �lter solution of this would



Chapter 4. Track Fitting and Hypothesis Testing 41be an average of two progressive �ts, one going towards positive x and the other going to-wards negative x. Filtering is the estimation of the \present" state vector based upon all\past" measurements. For forward �ltering, this means estimating track parameters k usingmeasurements up to and including mk. For backward �ltering, this means estimating trackparameters at k using the measurements mN down to mk.In order to obtain the optimal �t parameters at a measurment point one can take theweighted average of the forward going �t, proceeding from the �rst measurement to the pointof interest, with the backward going �t from the �nal point to the measurement point ofinterest. However, these two �ts are not `smooth' since they allow for discrete scatteringangles in the material traversed. We have no information regarding the �t at the �rst point,but our knowledge of the trajectory increases as the �t proceeds towards the end, where allhits have been incorporated. The converse is true when �tting in the opposite direction, andso when we average the two �ts a more complete description of the trajectory is obtainedthan by simply using one of the progressive �ts.A major improvement on the full �2 solution arises in the speed of the algorithm since itscales linearly with the number of measurements. However, since the Kalman �lter approachis sequential, it only allows for correlations between a hit and all the subsequent hits on thetrajectory. The sources of correlations are sequential, or causal. Therefore, one can structurethe track �t such that it accounts for only a restricted set of correlations and hence obtaina signi�cant improvement in performance.For a linear problem or one with Gaussian-distributed errors the linear-Kalman �lteryields the optimal solution with less computation than required to invert the full covariance



Chapter 4. Track Fitting and Hypothesis Testing 42matrix of the measurements. However in the presence of non-Gaussian trajectory deviationsthe linear Kalman �lter may not perform as well as a non-linear �lter.4.2.3 Track Finding and Fitting in BaBarDi�erent algorithms are used for tracks found independently in the two tracking devices, thesilicon vertex tracker and the drift chamber. The SVT algorithm starts by combining r-� andz hits in the same silicon wafer to form space points, and then employs an exhaustive searchfor good helical tracks, requiring hits in at least four of the �ve layers of silicon. Thereare two drift chamber algorithms which are run in sequence. The �rst �nds straight linetrack segments in all ten superlayers. Segments are then combined to form �rst a circulartrack (which uses only the axial segments and has a strong bias towards tracks coming fromthe interaction point), and then a helical track (by combining information from the stereosegments to the axial tracks). The second drift chamber track-�nding algorithm uses circularsegments in three adjacent superlayers (all eight possibilities are tried) to form a trial helix.If this helix is of su�cient quality, it is projected forward and backward, and other segmentsare added to it. This second algorithm is designed with those tracks not coming from theprimary vertex in mind, tracks only passing through a small number of superlayers (trackswith a large dip angle) and low Pt tracks. Another algorithm is designed to merge theseparately found drift chamber and silicon vertex tracks, projecting each silicon vertex anddrift chamber track into the support tube and looking for good matches. Those that matchare combined into a single track.Initially, all tracks are �tted with a simple helix �tter (i.e. a least-squares �t with a



Chapter 4. Track Fitting and Hypothesis Testing 43diagonal covariance matrix, which corresponds to a simple �2 �t). The hit which contributesthe most to the �2 is removed. This procedure is iterated until all surviving hits give �2 <�2max, where �2max is typically chosen to be 9. Essentially we throw away the hit with thelargest pull1 and then re�t with N � 1 hits. This iterative hit discarding is carried out toremove noise hits and hits which are a bad match for the �tted trajectory. A more thoroughexplanation of this procedure can be found in [5, 22, 23]. The residuals2 to the �t containuseful information regarding the resolution and systematic bias of the measurements and thevalidity of the trajectory hypothesis.After merging the drift chamber and silicon vertex tracks, the merged tracks are assignedtrack parameters based on a weighted average of the two input tracks. All of the tracks in theoutput list are then re�t with the Kalman �lter �tter. The way in which BaBar implementsthe Kalman �lter uses a novel formulation of the processing equations which is well suitedto Object Oriented programming [24]. The formulation produces, along the full particletrajectory, optimal track parameters for all �ve stable charged particle mass hypotheses (e,�, �, K, p). A more thorough description of the BaBar track �tting algorithm is givenelsewhere [25].4.3 Testing HypothesesOnce a track has been �t we should then be able to use it to perform our physics analyses.However, before this is done we want to ensure that each track that has been �t is a good1Essentially the normalized residual, or the residual(see footnote 2) divided by the uncertainty assignedto that measurement.2Where the term residual refers to the signed distance of closest approach between a measurement andthe �tted trajectory.



Chapter 4. Track Fitting and Hypothesis Testing 44match to the measurements used in that �t and test the trajectory hypothesis. This sectionwill go on to describe how this is traditionally done (in section 4.3.1) and how improvementscan be made on this standard procedure (in section 4.3.2). Searching for badly �tted tracks or\kink-�nding" [26] as it is commonly referred to in BaBar falls naturally into two categories:1) Searching for kinks within a single reconstructed track and 2) Searching through pairs ofreconstructed tracks for kinks. This study will only be concerned with the case where thekinks are found in single tracks.One cause of track deviations is the decay-in-
ight of the parent particle to one or moredaughter particles. A decay such as �+ ! �+��(+ charge conjugate), which we want toeliminate from providing a fake muon signal, would usually be �t as a single track in themomentum range in which we are interested (since the rest mass of the pion and muon arerelatively close). However, a decay such as K+ ! �+��(+ charge conjugate) would oftenbe measured as two separate tracks since when the heavier kaon decays to a muon there isa larger deviation in the path. Although connected through their physics processes theseare essentially two independent issues and as such are treated that way. Improving faketrack rejection is therefore the aim of both 1-track and 2-track kink-�nding, hence we wishto improve the e�ciency with which we can �nd anomalous trajectory �ts and increase thepurity of the unkinked track samples we de�ne.For this analysis we concentrate solely on the 1-track kink-�nding problem and issuesassociated with it. The decay-in-
ight is not the only way in which track deviations mayarise in the BaBar tracking volume. Mis-alignment errors, hard multiple scattering, brems-strahlung and incorrect corrections for continuous energy loss may cause a �tted trajectory



Chapter 4. Track Fitting and Hypothesis Testing 45to exhibit deviations from the actual path taken. If one is purely trying to use kink-�ndingto improve the tracking sample then the process by which a trajectory deviation arises is notnecessarily of interest (or indeed the position at which that deviation occurred). Acknowl-edging that the track has a discrepancy associated with it and either not using that track, orapplying some extensive re�t to account for the fact that the track is kinked must be done.Therefore we want to �nd these erroneous tracks as e�ectively, and e�ciently as possible, sothat we may then make a decision as to what will be done with them.4.3.1 Standard Tools UsedIn section 4.2.1 we discussed the uses of �2 in trajectory �tting and the determination ofparameters arising from the �t. Minimizing the value of �2 also generally serves as a test ofthe validity of the trajectory hypothesis with the value of �2 at the minimum being used totest the suitability of the chosen hypothesis.4.3.2 Improving discriminationWe are attempting to �nd if we can improve the sensitivity to correlations that the simple�2 test explicitly ignores. Correlations that are known in advance can be incorporatedinto a properly designed �2. However, it is still pertinent to perform a correlation test onthe residuals to the �t to see whether the observed correlations are consistent with thoseassumed in the �t since �2 does not test for correlations amongst residuals. For the trajectorydeviations we are looking to �nd, there would be no way to know before they were originally�t that anomalies existed and so incorporating these correlations into a prior de�nitionwould be impossible. �2 is not very sensitive to such mistakes if the deviation is small when



Chapter 4. Track Fitting and Hypothesis Testing 46compared with measurement errors.We will use information on correlations amongst residuals when de�ning variables and,in doing so, attempt to use all of the information available to us to look for poorly �ttedtracks. We go on to de�ne variables in the following section that can test whether correlationsbetween measurements are correctly accounted for in the �tted trajectory.4.4 Correlation VariablesCorrelations among the residuals, if indeed present, may indicate that the assumed trajectoryis an inadequate parameterization of the actual path taken. We will go on to discuss variousways in which deviations in �tted trajectories were tested and the variables which were usedto exploit these deviations.4.4.1 Run Test VariableCorrelations may arise in the relative signs of residuals of adjacent hits i.e. whether theyappear on the same side of the trajectory or on opposite sides. The fact that only the sign ofthe residual is used maintains an independence between any variable de�ned to take accountof this property and the �2 variable. A run test utilises the sequential correlations in thesigns of �tted residuals along the 
ight path to form a test statistic. The length of a runis given by the number of consecutive hits on the same side of the trajectory. One couldpicture a simple (but as it turns out rather insensitive and ine�ective) run test to be givenby counting the total number of runs in the trajectory. If a deviation in the actual trajectoryoccurred, but an undeviated track �t hypothesis was attempted, there would be a groupingof longer runs located along this track causing the total number of runs to be less than if



Chapter 4. Track Fitting and Hypothesis Testing 47a track was �t to its correct hypothesis. A more sensitive test should include informationregarding the lengths of the runs, in particular the longest runs along the trajectory.The run test variable used is de�ned by,u = MPMi=1 wi (4.9)where the sum is taken over the set of runs, each of which is assigned a weight wi. The totalnumber of runs along the trajectory is M. A simple initial choice for wi is 2L(i), where L(i)denotes the length of run i. Improvements can be made still further by considering not onlythe sign of each deviation but also its rank, r(j) (that is a list of normalised residuals, j�=�j,sorted in order of size from 1 to N, the smallest taking a rank value of 1 and the largest arank of N). Using this rank instead of the actual value of �=� maintains an independencebetween the run test variable we de�ne and the simple �2 from the track �t. An appropriatechoice for the weighting factor was found to bewi = L(i)Yj=1  1 + r(j)N !: (4.10)This gives a larger weighting to those hits which are further away from the �tted trajectory.Results using this test can be found in section 5.2.4.4.2 Correlation SumThe correlation sum quanti�es the degree to which nearby measurements are correlated andconsiders the mean correlation as a function of the distance between measurements.�k = N�kXi=1 wik 2 �i �i+k�2i + �2i+k = N�kXi=1 wik ; wik = �2i + �2i+k�2i + �2i+k (4.11)
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Chapter 4. Track Fitting and Hypothesis Testing 49and three common trajectory deviations. The simulation used to generate this plot is out-lined in section 5.1. The magnitudes of the h�ki for each incorrect hypothesis depend on theparticular choice of parameters in the simulation. We see that most of the discriminationpower is concentrated at small k, since the r.m.s. of the �k distribution expected for thecorrect hypothesis is smallest there. These considerations along with the essentially linearbehaviour of the di�erent h�kifalse � h�kitrue as a function of the correlation distance k forsmall k/N, lead us to the following test statistic in which the �k are summed with a weightthat decreases linearly with k:� = LXk=1Ck�k with Ck = 2L(L� 1)(L� k) and LXk=1Ck = 1: (4.12)Choosing L as the nearest integer to N/8 was found to give good sensitivity to the trajectorydeviations studied. This is the correlation sum variable that is used for the studies shown insections 5.1 and 5.2. A more thorough explanation of this variable can be found elsewhere [27](this paper is included in its entirety, with only minor alterations from the published work,in appendix A).4.4.3 Fr�uhwirth �2Fr�uhwirth [28] investigated a method of detecting kinks using information which is naturallygiven as a by-product of the Kalman �lter track �t discussed in section 4.2.2. When we�t a track with N position measurements, or hits, the idea used is the following. At anyhit location k, one has the best-�t track parameters (a) using all the hits 1 through k and(b) using k+1 through N. We construct a �2 for the consistency of these two sets of track



Chapter 4. Track Fitting and Hypothesis Testing 50parameters before and after a given point on the trajectory:�2match = (pB � pF)T[CB +CF]�1(pB � pF): (4.13)Here p are the forward and backward parameter vectors at some given point and C arethe covariance matrices associated with these. The maximum value of �2match can then beused as an independent test statistic to check on the consistency of the track �t pieces, withnaturally larger values occurring in this variable at sites where there is some deviation inthe trajectory [29]. Since we store the full �lter output when the BaBar algorithm is runthere is no need for a re�t to calculate this variable making it both simple and fast. Howeverthis calculation does require a matrix inversion at each possible break point tested along thetrack therefore making the computation required here greater than for both the run test andcorrelation sum calculations.It is possible to write the �2 from the track �t in terms of three separate pieces :�2 = �2B + �2F + �2match: (4.14)The terms in equation 4.14 correspond to the backward and forward parameters with amatching term between track pieces. It is this matching term that is used as a hypothesistesting variable and so it should be noted that this variable is not independent of the �2from the track �t. However, both the run test variable and correlation sum are de�ned tobe independent of the track �t �2.
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Chapter 5Application of Hypothesis TestingVariables
5.1 Initial Monte Carlo StudiesWe began our studies on hypothesis testing independent of the BaBar detector by writing asimpli�ed Monte Carlo simulation on which we could test our ideas. Much of what is to followis described in further detail in [27] and appendix A. We generated a set of charged particleswhich were tracked through a uniform, axial magnetic �eld and measurement points weregenerated in the plane orthogonal to the �eld direction. The number of hits generated perparticle and the hit resolution were chosen to mimic those of the BaBar drift chamber [18].A hit e�ciency of unity was used and no noise was generated. Measurement points wereuniformly distributed along the trajectory and the generated points were �tted to a circlewhere all measurements were used in the �t i.e. perfect pattern recognition was assumed.The generated positions were also smeared by an experimental resolution and Gaussiandistributed measurement uncertainties were assumed.This provided us with the initial platform to evaluate the correlation test statistics de-scribed in sections 4.4.1 and 4.4.2. The run test variable, correlation sum (which is given
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Chapter 5. Application of Hypothesis Testing Variables 54the term � in �gures 5.1 and 5.2 to match that of the de�nition given in section 4.4.2) andthe probability of �2, P(�2), were tested using this simpli�ed Monte Carlo simulation (thecurves in �gures 5.1 and 5.2 do not show results for the run test variable). It was found thatthe correlation sum provided superior discrimination to the run test variable and P(�2) forremoving the generated kinked tracks. Figure 5.1 shows the fraction of trajectories survivinga cut on the correlation sum and P(�2) that retains 95% of the true circular tracks as a func-tion of the position of a discrete angular kink, where the kink angle is uniformly distributedbetween �0.02 radians. As is evident from the plot, we are better able to discrepate kinkedtracks from true circular trajectories within the central measurement volume.In �gure 5.2 we look at �+ ! �+��(+ charge conjugate) decays occurring in the �ducialregion as a function of the transverse momentum of the initial pion. We see that the bestrejection i.e. the lowest e�ciency for incorrectly selecting these kinked tracks, is at lowestmomenta, where the kink angle is largest and that rejection e�ciency increases as the initialpion momentum is increased. Again we see that the correlation sum variable is a signi�cantlybetter discriminant than P(�2). The distributions in �gure 5.2(a) also show the e�ect thatincreasing the number of measurements has on the survival rate. As expected, there is animprovement in the correlation sum sensitivity to kinks when there are more measurementpoints. The physical correlation length sampled by the correlation sum is about 1/8 thelength of the track, hence, increasing the density of the measurements allows a more precisedetermination of the correlation.
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Chapter 5. Application of Hypothesis Testing Variables 59Figure 5.7 shows the generated transverse momentum distribution for single muons and�+ ! �+��(+ charge conjugate) decays. The two distributions are normalised to contain thesame number of entries. The decays-in-
ight are peaked more towards lower momenta thanthe single muon tracks are. We show the generated distribution of drift chamber hits for thesingle muon tracks and tracks from �+ ! �+��(+ charge conjugate) decays in �gure 5.8. Aswith �gure 5.7 these distributions are normalised to contain the same number of entries. Themajority of tracks in both cases have between 30 and 40 hits in the drift chamber associatedwith them, however, we see a slightly greater fraction of �+ ! �+��(+ charge conjugate)decays containing less hits than tracks from the single muon sample.The sample of �+ ! �+��(+ charge conjugate) decays provides a good reference withwhich to compare the performance of the hypothesis testing variables at distinguishingdecays-in-
ight from undecayed tracks. We tune cuts to preserve nearly all of the unde-cayed tracks (to keep high statistics) and determine the fraction of decays rejected. Initialcuts made on the full sample include a cut on Pt � 0.5 GeV/c (since a major goal of 1-trackkink �nding is to reduce muon misidenti�cation we focus our attention only on those withsu�cient momentum to reach the IFR) and the number of hits � 20 to provide su�cienthits on a track such that the hypothesis testing variables may be applied to it. Looking at�gures 5.7 and 5.8 we see that these cuts do not remove a large fraction of our pion decaysample.We will look at the discrimination available by cutting on each variable individually andthen using a combination, with some e�ort made to obtain the optimal combination. The runtest variable will be referred to as Runtest, the correlation sum will be referred to as Corrsum



Chapter 5. Application of Hypothesis Testing Variables 60and the Fr�uhwirth(�2) as Fr�uh(�2). We will present various combinations to compare theseto the �2 from the trajectory �t. Table 5.1 shows a summary of the results of this test.A cut is made on each variable, or combination of variables, to retain 97% of the undevi-ated track sample. We then apply this cut to the events where there has been a pion decayand �nd the number that survive. We see that the runtest variable alone doesn't perform aswell as the other three which all give similar results, with the Fr�uhwirth(�2) providing thebest level of discrimination. The most interesting values are found when we start to combinethe cuts. We see a slight improvement by combining2 the P(�2) and P(Runtest) over simplyusing the �2 test alone. A subtle di�erence between the other `combinations' and this one isthat in the following cases we only refer to a combination of cuts being made and no attemptto fuse the variables into a single test statistic is made. The drawback of this is that there isno real assurance that we have an optimal combination of the cuts since we have just tunedthe individual cuts to provide us with the desired good track survival fraction. The cut onP(�2) was chosen such that it retained 98.5% of the single muon sample and therefore thecuts on the correlation sum and Fr�uhwirth(�2) each removed a further 1:5% of the sample. Itis interesting to note that by combining each of the three variables with P(�2) the rejectione�ciencies of the correlation sum and the run test variable are markedly improved whereasthat of the Fr�uhwirth(�2) actually decreases. The optimal combination of cuts for P(�2) andFr�uhwirth(�2) would be to cut on P(�2) � 0 and use the cut applied to the Fr�uhwirth(�2)alone to preserve 97% of the single muons. This shows a stronger correlation between theFr�uhwirth and the simple �2 from the track �t than is seen when combining P(�2) with2The combination of the two is the function X*(1-ln(X)), where X is the product of the two variables;this is what one expects when combining two uncorrelated random variables.
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Summary of discrimination from hypothesis testing variables for decays-in-
ight from asingle pion sample (as described in the text).percentage percentagevariables cuts straight muons fromused muons pion decayssurviving survivingRuntest �0.228 97.0 � 0.2 58.2 � 0.9P(�2) � 2:03� 10�8 97.0 � 0.2 30.7 � 0.9Corrsum �0.078 97.0 � 0.2 35.7 � 0.9Fr�uh(�2) �50.7 97.0 � 0.2 24.8 � 0.8P(�2) � 1:25� 10�7 97.0 � 0.2 28.0 � 0.8and P(Runtest)P(�2) � 3:0� 10�10, 97.0 � 0.2 24.0 � 0.8and Corrsum �0.128P(�2) � 3:0� 10�10, 97.0 � 0.2 26.1 � 0.8and Fr�uh(�2) �53.3P(�2), � 8:0� 10�15,Fr�uh(�2), �56.0, 97.0 � 0.2 21.3 � 0.8and Corrsum �0.14Table 5.1: The discrimination obtained by making various combinations of cuts on thehypothesis testing variables we have de�ned is shown here. The `cut' is the value at whichone applies a cut to that corresponding variable to preserve a �xed percentage (97% in thiscase) of the undeviated muon sample, which we de�ne as the good tracks. We then test whatpercentage of muons arising from �+ ! �+��(+ charge conjugate) decays in 
ight survivesuch a cut. Other cuts made on this sample are described in the text.



Chapter 5. Application of Hypothesis Testing Variables 62Summary of discrimination from hypothesis testing variables for decays-in-
ight, takenfrom a sample of multi-hadron Monte Carlo.percentage percentagevariables cuts straight muons fromused tracks pion decayssurviving survivingRuntest �0.251 97.0 � 0.2 55.8 � 7.6P(�2) � 2:37� 10�4 97.0 � 0.2 37.2 � 7.4Corrsum �0.058 97.0 � 0.2 32.6 � 7.2Fr�uh(�2) �32.8 97.0 � 0.2 32.6 � 7.2P(�2) � 5:7� 10�4 97.0 � 0.2 34.9 � 7.3and P(Runtest)P(�2) � 1:2� 10�6, 97.0 � 0.2 20.9 � 6.2and Corrsum �0.079P(�2) � 1:2� 10�6, 97.0 � 0.2 32.6 � 7.2and Fr�uh(�2) �33.7P(�2), � 1:0� 10�8,Fr�uh(�2), �39.4, 97.0 � 0.2 20.9 � 6.2and Corrsum �0.098Table 5.2: See description for table 5.1. The the percentage of �+ ! �+��(+ charge con-jugate) decays surviving cuts on P(�2) has increased making Corrsum a better discrimi-nant in this case. Also, Fr�uh(�2) and Corrsum now have the same level of sensitivity to�+ ! �+��(+ charge conjugate) decays.either the run test variable or the correlation sum variable. In table 5.1 the cuts made in the�nal entry corresponds to the order in which the variables are written in the table. We seea marked improvement in discrimination when using cuts on three variables, as combined inthe �nal cut selection, over the separate use of each cut.Table 5.2 shows the same set of cuts applied to a sample of multi-hadron Monte Carloevents. We see a similar level of discrimination and the same trends in the variables
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Chapter 5. Application of Hypothesis Testing Variables 64we cut on, such that a combination of cuts gives the best rejection of bad tracks from�+ ! �+��(+ charge conjugate) decays-in-
ight. One will notice that between tables 5.1and 5.2 the cuts made on the hypothesis testing variables to retain 97% of the good trackshave changed markedly. The generation of these two Monte Carlo samples took place indi�erent versions of the BaBar code. Therefore di�erent calibration constants may havebeen used, and there may not be consistency between the constants in the version used togenerate the Monte Carlo and that used to reconstruct the events. In addition, as we showin �gure 5.9, the undeviated track samples that are used as the reference on which a 97%cut is tuned are far from identical in the Fr�uhwirth(�2) variable. This is also the case for theP(�2) distribution and it is the di�erence in P(�2) that probably leads to the di�erence inFr�uhwirth(�2). In the multi-hadron sample we use all tracks that remain undecayed whereasthese are only muons in the generated single muon sample. We show the same distributionsfor the correlation sum variable in �gure 5.10 and see a better match for undeviated tracksfrom the two samples than that observed in the Fr�uhwirth(�2). The sample of Monte Carlopions that was �rst used was done so to test the levels of discrimination accessible and onecould imagine the set of cuts made on the multi-hadron sample to be a more realistic re-
ection of what one might expect to see in the real data (this will be examined further insection 5.3). One will notice that the uncertainties have increased in size for the results fromthe multi-hadron sample compared with the single pions. This is due to reduced statistics for�+ ! �+��(+ charge conjugate) decays existing in the multi-hadron sample as comparedto the speci�cally generated single pion sample.Figure 5.11 shows the survival fraction for �+ ! �+��(+ charge conjugate) decays in
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Chapter 5. Application of Hypothesis Testing Variables 66both the single pion and multi-hadron samples as a function of the position at which thekink occurs. The kink position is given as the position where the kink occurred divided bythe total number of hits on the track.A cut was made on a combination of the Fr�uhwirth(�2) and correlation sum such that95% of the single muon tracks3 were preserved. This has been done, using only the correlationsum as the hypothesis testing variable, with the simpli�ed Monte Carlo simulation as canbe seen in section 5.1 (see �gure 5.1 for results). Comparison of �gure 5.11 with 5.1 showsthat both have similar shapes. We see an improvement in rejection e�ciency towards thecentre of the tracking volume and a degradation at the edges. However, the simpli�ed MonteCarlo simulation did not include the silicon vertex tracker and contains many assumptions(which are outlined in section 5.1) that were not part of the full BaBar Monte Carlo. Wesee similar distributions for both the single pion and the multi-hadron samples in 5.11.We note that the error bars on points from �+ ! �+��(+ charge conjugate) decays inthe multi-hadron sample are larger than those in the single pion sample due to limitedstatistics. Upon closer inspection of �gures 5.1 and 5.11 we see that the distributions forthe full BaBar Monte Carlo are not symmetric about the centre of the tracking volume,whereas those using the simpli�ed Monte Carlo are. Again we note that the distributionsin �gure 5.11 take advantage of the full SVT-DCH tracking volume whereas the simpli�edMonte Carlo did not generate any SVT hits. In the simpli�ed Monte Carlo study discreteangular kinks were uniformly distributed throughout the measurement region. However, as3We changed the cut from 97% (as used in tables 5.1 and 5.2) since we wish to compare the rejection asa function of kink position with that in the simpli�ed Monte Carlo simulation, where the cut preserved 95%of the true circular trajectories.



Chapter 5. Application of Hypothesis Testing Variables 67we have already shown in �gures 5.7 and 5.8, �+ ! �+��(+ charge conjugate) decays donot have a uniform momentum distribution and are not uniformly distributed throughoutthe measurement volume in the BaBar Monte Carlo.Comparing the kinked tracks from the �+ ! �+��(+ charge conjugate) decay sample inthe central tracking region, both for the simpli�ed and full BaBar Monte Carlos we see thatthe survival rate when cutting on both the correlation sum and Fr�uhwirth(�2) is improved onthat achieved by simply cutting on the correlation sum alone. Since we have already shownthe Fr�uhwirth(�2) to provide good discrimination in the �+ ! �+��(+ charge conjugate)sample (see table 5.1) this was to be expected.5.2.1 Using other Methods to Flag Bad TracksThe aim here is to examine how e�ective the hypothesis testing variables we have introducedare at �nding tracks whose reconstructed parameters di�er signi�cantly from their generatedparameters. The di�erence between reconstructed and generated parameters is not possibleto calculate in real data. Therefore, seeking a correlation between this di�erence and thehypothesis testing variables would make us sensitive to 
agging these tracks in the data.We take the di�erence between the �tted and generated Monte Carlo values and using thecorrelation matrix of errors we can form a �2 for 5 degrees of freedom. This will be referredto hereafter as �2MC4. Large values in the �2MC will arise when the �tted parameters arenot a good match to the generated values. This may point to some deviation in the trackwhich has not been accounted for, or the possibility that a mistake occurred during the4�2MC = �TV �1�, where � = (Pf � Pg), Pf and Pg correspond to the �tted and generated parameters.V is the covariance matrix of the �tted track.
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Chapter 5. Application of Hypothesis Testing Variables 71Bad Tracks that arise from various sources as a function of Pt.cut 0<Pt�0.5 0.5<Pt�1.0 1.0<Pt�1.5selectionGTrack(1) = GTrack(n)anomalous hits = 0 61.5�1.1 37.1�3.9 50.0�11.8pid(1) = pid(n)GTrack(1) = GTrack(n)anomalous hits > 0 21.6�0.9 27.2�3.6 27.8�10.6pid(1) = pid(n)GTrack(1) 6= GTrack(n)anomalous hits = 0 10.2�0.7 16.6�3.0 5.6�5.4pid(1) 6= pid(n)GTrack(1) 6= GTrack(n)anomalous hits > 0 6.7�0.6 19.2�3.2 16.7�8.8pid(1) 6= pid(n)Total, number of bad tracks 2064 151 18Table 5.3: Percentage of tracks with a P(�2MC) < 1e-4 broken down into various componentprocesses from which they arose.this number will not be useful to our study of kink-�nding variables.We can use the output from the simulation, and the parameters obtained when �ttingthe simulated points, to further categorize good and bad tracks. The output of the GEANT3simulation are called GHits (short for GEANT hits), each of which comes from an associ-ated GTrack. For a well simulated track one could expect all the GHits to be associatedwith the same GTrack, however there are instances where this is not the case. We take thegenerated track, with which we compare the �tted track, to be the one which has the mostGHits contributed to it. Hits are generated and smeared by a measurement resolution in thesimulation. Track �nding and �tting tools are then applied to ultimately form a �tted tra-jectory which is subsequently entered into the track list. Since we are using information fromgenerated hits to distinguish between kinked and unkinked trajectories we must realise that



Chapter 5. Application of Hypothesis Testing Variables 72Good Tracks broken up into various possibilities as a function of Pt.cut 0<Pt�0.5 0.5<Pt�1.0 1.0<Pt�1.5selectionGTrack(1) = GTrack(n)anomalous hits = 0 55.1�0.5 60.5�0.7 62.3�1.5pid(1) = pid(n)GTrack(1) = GTrack(n)anomalous hits > 0 34.6�0.5 33.0�0.7 33.5�1.4pid(1) = pid(n)GTrack(1) 6= GTrack(n)anomalous hits = 0 5.3�0.2 3.2�0.3 2.1�0.4pid(1) 6= pid(n)GTrack(1) 6= GTrack(n)anomalous hits > 0 5.0�0.2 3.3�0.3 2.1�0.4pid(1) 6= pid(n)Total, number of good tracks 10181 4703 1087Table 5.4: Percentage of tracks with a P(�2MC) > 0.1 broken down into various componentprocesses from which they arose.this information is unavailable in real data, where we have no access to the true parametervalues.Tables 5.3 and 5.4 show the detailed composition of tracks in three bins of transversemomentum for good and bad tracks. Again, only those tracks with greater than 20 hits areconsidered for this study. The cut selection describes those cuts applied to isolate a certaintype of track. We note that there is a statistical limitation to any conclusions that can bedrawn from the bad tracks with momenta greater than 1 GeV/c since very few events passthis cut. An anomalous hit refers to a hit which has a di�erent GTrack identi�ed with it,when compared to that with which the previous hit and next hit are associated; usuallydue to noise hits or pattern recognition mistakes. This di�ers from a change in GTrack inbetween the �rst and last hit, as that corresponds to a change over the whole length of the



Chapter 5. Application of Hypothesis Testing Variables 73track where the original GTrack is not returned to. The �rst two cut selections are whatmight be considered well de�ned single tracks, with and without anomalous hits and the�nal two are what one might suggest are composite tracks. Composite will be used here torefer to those reconstructed tracks that are composed from information from more than oneGTrack (tracks with a change in GTrack between their �rst and last hits). There are markeddi�erences between the two tables. We notice that the percentage of tracks that we would
ag as being composite is larger in the sample with large pulls on their helix parameters,which is, a priori, what one might expect. The percentage of well de�ned single tracks withlarge pulls on their helix parameters in the bad track sample decreases as we increase the Pt,subsequently the percentage of composite tracks increases. The reverse is true for the goodtrack sample, as the transverse momentum increases the percentage of well de�ned singletracks increases and that of composite tracks is reduced. However, the conclusion that canbe drawn from table 5.3 is that many of the bad tracks have nothing obviously wrong withthem.Having looked at a breakdown of the processes responsible for good and bad tracks asa function of transverse momentum in tables 5.3 and 5.4 we then examined how these maybe a�ected by using the wrong particle type in the �t. This is illuminating since the defaultparticle type that goes into the �t is that of a pion, so di�erences may arise due to a wrongmass hypothesis being assumed in the �t. We observed that at low momentum, a higherpercentage of the composite tracks came from particles not 
agged as pions. Also there wereless composite tracks at all momenta when the track came from a pion than when the trackcame from other particle types.
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Chapter 5. Application of Hypothesis Testing Variables 75We now look at how those tracks that contain anomalous hits vary with di�ering values ofP(�2MC) for both composite and non-composite tracks. Figure 5.15 shows the percentage oftracks that contain a certain number of anomalous hits (1 to 6 anomalous hits are consideredand all distributions are normalised to the size of the bin with zero anomalous hits). Wesee for all the four cases plotted the percentage decreases as the number of anomalous hitsconsidered is increased (again a minimum number of hits on a track is 20) and the sameshape is evident in all cases. As one would expect, composite tracks that fall into both thegood and bad categories, have more anomalous hits than well de�ned single tracks. Wenotice that comparing the composite tracks for both cases of good and bad tracks, that thegood tracks appear to contain more anomalous hits. This is also the case for trajectories thatare not composite. This can be explained by comparing the average number of anomaloushits divided by the average number of total hits for both good and bad tracks. From thiswe obtain the percentage of hits on a track that are anomalous hits. These values are 2.43%and 2.75% for good and bad tracks respectively. Therefore a larger percentage of the hitson a bad track are anomalous hits than on a good track. So, although �gure 5.15 showsthat good tracks contain more anomalous hits, we have reasoned that this is due to goodtracks being reconstructed from a larger number of hits in the �rst place. These results showthat using the number of anomalous hits on a track does not have a marked e�ect on thedistinction between good and bad tracks.



Chapter 5. Application of Hypothesis Testing Variables 765.3 Results from the BaBar DataWe wish to look at the extent to which the variables we have been testing are useful on realdata.Figures 5.16 and 5.17 show the discrimination between tracks from dimuon events andmulti-hadron events in real data using the correlation sum and Fr�uhwirth(�2) respectively.Again these plots have the same cuts on Pt(� 0.5 GeV/c) and the number of hits(� 20)that were used in the previous studies. One should note that the dimuon and multi-hadronsamples have been rescaled to contain the same number of events as the single muon MonteCarlo, which is also plotted. We wish to test two things with these plots, 1) are the MonteCarlo muons a good match for the muons in real data and, 2) do we see a di�erence in thereal data between multi-hadrons and muons. In �gure 5.16 there are only slight di�erencesbetween the three distributions. This is good for the comparison of muons in data and MonteCarlo since it shows that they are well matched in the correlation sum variable. However,in �gure 5.17 one can notice a marked di�erence in all three distributions. The generatedmuons in the Fr�uhwirth(�2) variable do not match well with the muons from the real data.The region of interest for the comparison of data from muons and multi-hadrons in bothvariables is in the small tail at positive x. Hence this is the region one must focus on to lookfor discrepancies between the real data samples.To emphasize these tails a cut is applied to preserve 3% of the real muon distributionsin both �gure 5.16 and �gure 5.17. The number of multi-hadron events which survive thecut is then noted and the two can be compared. After normalisation, 91.4 real muon tracks
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Chapter 5. Application of Hypothesis Testing Variables 79remained, corresponding to 3% of the distribution. The cut on real multi-hadron data in thecorrelation sum yielded 82 tracks and in Fr�uhwirth(�2) yielded 85 tracks. When the numberof real muons is subtracted from the number of multi-hadrons one obtains,Correlation sum = -9.4 � 10.1Fr�uhwirth(�2) = -6.4 � 10.2.Using the multi-hadron Monte Carlo simulation a calculation was performed to estimatethe number of �+ ! �+��(+ charge conjugate) decays we might expect to see in the realdata. We observed 27 �+ ! �+��(+ charge conjugate) decays out of 61 kinked tracks(where a kinked track is any composite track) applying a cut to the Correlation sum, and25 �+ ! �+��(+ charge conjugate) decays out of 48 composite tracks in the Fr�uhwirth(�2)variable. Normalising these values to the total number of real multi-hadron events one wouldexpect the total number of kinked tracks in each variable to be,Correlation sum = 30 � 3.8Fr�uhwirth(�2) = 24 � 3.4.Therefore, the number of expected kinks is inconsistent with the number observed.One di�erence between the muon and multi-hadron tracks from real data is in the momen-tum distributions, since the muons will have a larger average momentum than the multi-hadrons. The average amount of multiple scattering on a lower momentum track will begreater than that on a track of higher momentum. Therefore, if there is an error due tomis-alignment for example, this will be more noticeable in the sample of higher momentumtracks than in the lower momentum tracks. If the amount of scattering included in the �t



Chapter 5. Application of Hypothesis Testing Variables 80is reduced then the e�ect due to an alignment error will be more pronounced than if manysigni�cant scatters were included. The muon data will produce a larger average number ofhits per track than multi-hadron data. Therefore the maximum value of Fr�uhwirth(�2) willbe larger, since if there are a greater number of hits on the track there is a greater probabilityof one giving a large mis-match �2. These e�ects may be possible causes for the disparitybetween kinked tracks in the multi-hadron data and muon data.
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Chapter 6Conclusions
We have presented here a study of 1-track kink-�nding using a set of hypothesis testingvariables compared with, and combined with, the standard �2 from the track-�t. We demon-strate an ability to improve the rejection e�ciency of badly �tted trajectories, from a samplecontaining both kinked and unkinked tracks. This was done by using both the variables wehave created (the run test variable and the correlation sum [27]), and those de�ned by others(the Fr�uhwirth(�2) [28]), along with the simple track-�t �2.The discrimination between kinked and unkinked tracks achieved with these variables wasexamined, not only in Monte Carlo simulations, but also in real data from the BaBar exper-iment. Much of the focus of this study was on �+ ! �+��(+ charge conjugate) decays-in-
ight. Muon identi�cation is important in measuring semi-leptonic B decays which are usedto tag B 
avour. Hence any mis-identi�cation resulting from �+ ! �+��(+ charge conju-gate) decays would impact this measurement. We have examined �+ ! �+��(+ charge con-jugate) decays in both single pion and multi-hadron Monte Carlo. We studied correlationsbetween kinked tracks and the number of hits left by a particle, its transverse momentumand the position of the deviation within the measurement volume. Through our tests on



Chapter 6. Conclusions 82Monte Carlo simulations, we have also shown the ability to reject kinked tracks from variousother sources by looking at changes in the generated track associated with each hit and thenumber of anomalous hits on a track. We have also established that the hypothesis testingvariables investigated do not provide good discrimination between those tracks that have agood match between their generated and reconstructed parameters, and those that do not.Results have also been obtained using real data from BaBar applying the kink-�nding vari-ables we have discussed. No variation was seen between the muon and multi-hadron samplesin the data.These hypothesis testing variables, given their ease of calculation, may be applied to awide range of cases where an error may have occurred during the �tting of a trajectory.The run test and correlation sum are implemented as part of the BaBar code, along withthe Fr�uhwirth(�2). All three of these variables are made available to users to assist in theiranalyses.
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Appendix AHypothesis Testing and KinkSelection using SequentialCorrelations
A.1 IntroductionTrajectory �tting aims to determine a set of �tted parameters and to test the validity ofthe trajectory hypothesis. Both of these questions are usually addressed by minimizing a�2 constructed from the squares of the deviations between the measurements and the pa-rameterized trajectory. Known sources of correlation can be incorporated into the de�nitionof the �2. The value of �2 at the minimum is used to test the adequacy of the �tted hy-pothesis. [5,22,23] However, additional (unforeseen) correlations arise naturally in trajectory�tting, where adjacent measurements are in causal order. Deviations from the expected tra-jectory due to either a discrete change at some point (e.g. a scattering or decay in 
ight)or to a continuous parameter change (e.g. dE/dx energy loss or magnetic �eld anomalies)introduce correlated shifts in the positions of all subsequent measurements. The �2 test isnot very sensitive to these trajectory deviations when they are small on the scale of the



Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 87measurement errors, since it considers only the squares of the residuals.1This paper introduces new quantities for hypothesis testing that are applicable to any�ts for which an ordering variable (e.g. time) can be identi�ed.2 The mean correlationof ordered sets of residuals (nearest neighbor, next nearest neighbor, etc.) are used forthis purpose. These correlations are essentially independent of �2, and test the assumptionthat the measurements are mutually independent (or, more generally, that the correlationsamongst the measurements are properly accounted for in the �t). It should be noted thatthe presumption of the independence of the measurements once known sources of correlation(e.g. multiple Coulomb scattering) are taken into account is also present in sequential �ttingmethods such as the Kalman Filter [20, 21], and the correlation test developed here can beapplied to the output of such a �t.The power of these correlation statistics for hypothesis testing is studied as a function ofseveral trajectory deviations that arise naturally in charged particle tracking. For simplicity,the trajectories studied are circular arcs, corresponding to the projection of charged particletrajectories onto a plane transverse to a uniform axial magnetic �eld. The following sectionsdescribe the correlation variables, the simulation used to measure their e�ectiveness, andthe improvement in discrimination between true and false hypotheses beyond what can beachieved using �2 alone.1The term residual in this paper refers to the signed distance of closest approach between a measurementand the �tted trajectory divided by the uncertainty assigned to the measurement.2Not all �ts are in this category: e.g. one cannot in general de�ne a useful ordering variable for vertex�ts.



Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 88A.2 Description of correlation variablesThe degree to which nearby measurements are correlated can be gauged by considering themean correlation as a function of the distance between measurements. Using the standardcorrelation estimator [22] to form an average correlationrk = N�kXi=1 �i �i+k�i �i+k = vuut N�kXi=1 �2i�2i ! N�kXi=1 �2i+k�2i+k! (A.1)as a function of the distance between measurements gives fairly good discrimination betweentrue and false trajectory hypotheses. The sums run from 1 to N� k, N is the numberof measurements on the trajectory, �i is the signed distance to the �tted trajectory formeasurement i, �i is the estimated uncertainty of measurement i, and k is the correlationdistance: k 2 [1;N� 1]. However, the following combination,�k = N�kXi=1 wik 2 �i �i+k�2i + �2i+k = N�kXi=1 wik ; wik = �2i + �2i+k�2i + �2i+k (A.2)motivated by considering the measure (�i � �i+k)2 = (�2i + �2i+k), gives slightly better dis-crimination.3 This is because the correlation sought is in the actual distances � from the�tted trajectory, not in the residuals �=�. The weight factor emphasizes those pairs of mea-surements with signi�cant deviations. These correlation measures satisfy j�kj � 1 for all k.For uncorrelated measurements the expectation values of the �k are close to zero. Negativecorrelations are introduced by the trajectory �t; they are small provided the number of �ttedparameters is much smaller than the number of measurements.3This formulation is appropriate for use in cases where known sources of correlation (e.g. multipleCoulomb scattering) are incorporated using a sequential �tting method, in which case the residuals at eachmeasurement can be taken as independent.
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5 10 15Figure A.1: The expectation value of the correlation variable �k is shown as a function of thecorrelation length k. The �rst 19 h�ki are shown for 20 (a), 40 (b) and 80 (c) measurements.The di�erent symbols correspond to speci�c generated trajectories; the �tted trajectory isa circle in each case. The shaded region indicates the r.m.s. of the �k distribution for thecircle trajectory. (d) shows h�ki for angular kinks occurring at di�erent locations.



Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 90Fig. A.1(a-c) shows the expectation value4 of each �k as a function of the correlationdistance k (for k up to 19) for true circle trajectories and for three common trajectorydeviations: a discrete angular kink, an uncorrected continuous energy loss and the decayin 
ight of a pion to a muon. The locations of the angular kink and decay in 
ight wereuniformly distributed along the trajectory. The �tted trajectory in each case was a circulararc. The magnitudes of the h�ki for the incorrect hypotheses depend on the particular choiceof parameters in the simulation. The number and location of the crossing points between h�kifor the incorrect trajectory hypotheses and h�ki for the correct hypothesis are very similarfor the trajectory deviations studied here. Fig. A.1(d) compares a sample with a discreteangular kink located near the center of the measurement region with a sample where thekink is located closer to the edge of the measurement region. The kink location clearly hasan impact on the behavior of h�ki, most notably for large k=N.Using all of the �k values gives the best discrimination between the correct hypothesisand a particular type of incorrect hypothesis, but does not provide optimal discriminationfor all types of incorrect hypothesis as can be seen by considering the di�erent shapes (notein particular the locations of the extrema) of the trajectory hypotheses shown in Fig. A.1.Furthermore, most of the discrimination power is concentrated at small k, since the r.m.s.of the �k distributions expected for the correct hypothesis are smallest there.5 These con-siderations, along with the essentially linear behavior of the di�erence h�kifalse � h�kitrue as4Calculated numerically using the simulation described below.5The number of correlation measures summed for a given k is N� k, giving a statistical error proportionalto 1=pN� k.



Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 91a function of the correlation distance k for small k=N, lead us to the following test statistic:� = LXk=1Ck�k with Ck = 2L(L� 1)(L� k) and LXk=1Ck = 1: (A.3)Choosing L as the nearest integer to N=8 was found to give good sensitivity to the trajectorydeviations studied.A.3 Description of simulationThe sensitivity of � to trajectory deviations was studied using a simple simulation. Chargedparticles were generated and tracked through a uniform axial magnetic �eld and measuredpoints were generated in the plane orthogonal to the magnetic �eld direction. The mea-surement uncertainty was taken as Gaussian. Trajectories were generated with parameterstypical of charged particle tracking detectors [18]:� average hit resolution: 150 �m;� variation in resolution: factor of 5 between the best and worst measured points;� radial di�erence between �rst and last measurement layer: 54 cm;� number of measurements: varied from 20 to 160;� magnetic �eld: axial �eld of magnitude 1.5 Tesla;� initial particle momentum between 0.5 GeV/c and 5 GeV/c.The measurements were uniformly distributed along the trajectories, the hit e�ciency wasunity and no noise hits were generated. The location of discrete trajectory deviations (an-gular kink or particle decay) was randomly distributed along the trajectory. The generated



Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 92points were �tted to a circle assuming perfect pattern recognition, i.e. all generated mea-surements were used in the �t.
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A.4 ResultsThe generated data were used to study the discrimination power of � and of �2 as a functionof speci�c trajectory deviations. Fig. A.2 shows the fraction of trajectories surviving a cuton � or on the �2 probability P(�2) as a function of the position of a discrete angular kink,where the kink angle was uniformly distributed between �0:02 radians. The cuts were setto give 95% e�ciency for true circular trajectories. There is little discrimination powerfor kinks occurring at either end of the measurement region. Based on this, only thosetrajectory deviations occurring within a �ducial region consisting of the central 80% of the
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Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 94the density of measurements allows a more precise determination of the correlation. Similarbehavior is observed for di�erent choices for the e�ciency for true circular trajectories. Thepower of � and P(�2) to discriminate � ! � decays from true circular trajectories is shownin Fig. A.4. Note that the decay angle between the � and � does not in general lie in the
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Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 95The extent to which the discrimination a�orded by � is optimal was studied. The mea-surements along trajectories generated with a discrete angular kink were �tted using boththe correct hypothesis, i.e. two circular arcs of constant curvature with an angular deviationat a point, and using the nominal (incorrect) hypothesis of a single circular arc. The ratioof the resulting �2 probabilities Pcircle(�2)=Pcorrect(�2) is an optimal discriminant variable inthis case.6 The position of the angular kink was taken as either the true position of the gen-erated deviation (denoted \�xed Rkink" in Fig. A.5) or as the best �t value after consideringall potential kink positions (denoted \�tted Rkink" in Fig. A.5). The kink position will ingeneral be unknown, so the \�tted Rkink" curve is in practice the best one can achieve. As isseen in Fig. A.5, the correlation variable � gives discrimination that approaches the optimalvalue as the number of measurements increases.A.5 DiscussionThe correlation variables �k introduced here test the assumption that a set of measurementsare mutually independent once known sources of correlation have been taken into account.Use of the simple combination of �k introduced here as � leads to an improvement in thesensitivity for detecting small trajectory deviations relative to that achievable using P(�2).This additional goodness-of-�t test is independent of the �2 test, and can be applied to theresiduals from both traditional least squares �ts and from Kalman �lter �ts. The improvedsensitivity to small deviations can be qualitatively understood by recognizing that �2 hasa quadratic dependence on individual deviations, while � has a linear dependence. For6In practice, trajectory deviations of several di�erent types may be present in a sample, so �tting for oneparticular type of deviation will not be optimal.
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Chapter A. Hypothesis Testing and Kink Selection using Sequential Correlations 97larger deviations (not shown here) P(�2) becomes a more powerful discriminant than �, asexpected. For the deviations studied, the gain from combining the � and P(�2) tests wasnegligible.The � and �2 tests have di�erent dependencies on the input to the �t. The �2 test issensitive to the scale of the assigned measurement errors �i and can be compromised bymis-estimates of and non-Gaussian contributions to the measurement errors. The � testis insensitive to the scale of the �i. It is, however, sensitive to correlations introduced incalibration procedures. The extent to which this is a practical problem in using the � testis a function of detector design and calibration. In particular we expect the � test to bemost useful in devices where the e�ect of calibrations is randomized over the measurementson a trajectory (e.g. in small cell drift chambers, where the drift direction changes layer bylayer), and to be less e�ective in devices where coherent e�ects dominate (e.g. in detectorsemploying a jet cell design).Potential uses for the � test in charged particle tracking involve selecting decays in
ight and enabling high quality track samples (with reduced non-Gaussian tails on the trackparameter resolutions due to trajectory deviations) to be selected. Given the ease with whichit can be calculated, a test on � might serve as a �lter for selecting tracks on which morecomputationally intensive tests [21,29] will be performed. The correlations measured by the�k parameters may �nd use in a broader range of applications.




