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Reminder

VVnere we stopped vesterday

We hadn’t found any tracks yet !

- Part 1 - HCPSS Aug 11-22, 2014
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Reminder

ViVnat we picked up so far ...

... and what we will need today.

track parameters
(with covariances)

q = (lh Z27 ¢7 97 Q/p)ﬂ C
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_et's make our toolset complete

measurement track parameters
(with covariances) (with covariances)
my, Gk 9= (llal27¢76)7Q/p)9 Cxk
( > - ) =Amg

measurement mapping function,

transforms the track parameters
into the measurement frame

— £ k+1
Jk+1 —ﬁ< (Qk) transport (or propagation) of track parameters
from reference surface k to k+1

_ k+1 combination of transport and measurement
di+1 hicr1 oﬁ< mapping function
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Global pattern recognition strategies

» Conformal mapping

- the idea of conformal mapping is to transform your hit information into
a parameter space, where your groups of hits are visible

N

- you need a transformation for it which
assumes a track model
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Global pattern recognition strategies

» Conformal mapping . Hough transform

- transform your track hits from the X, y space y

INt0 a more appropriate space

- let’s assume that particles come from
the interaction region + solve in the
transverse direction

q = (d(b <0, ¢7 6)7 Q/p)
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- transform your track hits from the X, y space y

INt0 a more appropriate space

- let’s assume that particles come from
the interaction region + solve in the
transverse direction

— (d07Z07¢ 0 Q/p)
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Global pattern recognition strategies

» Conformal mapping . Hough transform

- transform your track hits in the X, y space

q = (d, %, », 4, q/p)

q9/pr

parameter space o
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A different approach: seeding & following

» Start of many track finding algorithms is the building of track seeds
- groups of 2 or 3 measurements that are compatible with a crude track hypothesis

- seeds are used to build roads to find track candidates

N

10
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‘0Om seeds to tfrack candidates

» The progressive filter

roads are built from track seeds and define a search window

following the road direction to find
hits that are compatible with the track

needs a measure 1o define compatibility

a found hit used to update the track
to follow to the next measurement layer

needs a mechanism to update a track
nypothesis

multiple hypothesis can be tested
for one layer

only one track hypothesis is followed
further

needs a measure which candidate is
Detter

11
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‘0Om seeds to tfrack candidates

» Dense environments create problems for the progressive filter
- there may not always be one obvious path to be followed: The combinatorial filter
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nemy No. 2

» avoid ghosts, I.e. fake combinations from simply combinatorial grouping

- start off with high quality seeds (clearly 2 hit seeds are not very stringent)
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[rack fitting

» pattern recognition provides a set of measurements
- are the measurements compatible with a track hypothesis ?

- what are the track parameters closest
to the interaction region (e.g. as perigee)

- how well is the track measured ?

» we need to perform a track fit

- track fits are mostly based on
least square estimators

- this implies a gaussian error assumption
(how close to the truth is this ?)

14
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[rack fitting

» a more detailed ook onto our toy detector
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Global ¥ minimisation

» a classical least squares estimator proplem !

2 T -1 |
X = EAmk G, Am, wih Am, =m, - d, (Q) and G the covariance of my
k

dr Including transport of q to measurement layer k&
and measurement mapping function

dy fk|k—1° °f2|1 °f1|o ‘
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2 T -1 |
X = EAmk G, Am, wih Am, =m, - d, (Q) and G the covariance of my
k

dr Including transport of q to measurement layer k&
and measurement mapping function

di = hk|“fk|k—1 ° °f2|1 °f1|o ‘
inearise the problem, starting from an initial state (,
d, (qO +5q) =d, (q0)+Dk -0q

with Jacobian Dy =5 HyFy i1 - Fo Fy
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Global ¥ minimisation

» a classical least squares estimator proplem !

2 T -1 .
X = EAmk Gy Am wih  Amy=m, -d, (Q) and Gy the covariance of
k

dr INnCluding transport of q to measurement layer k

anad mapping function —
dic= hip fik1° o fonefuo |

inearise the problem, starting from an inttial state q, T
d.(q,+0q)=d (q,)+ D, dq ™~

with Jacobian Dk = Hka|k—1 te F2|1F1|O \\‘:I'""

RN
2 \Y \

find the global minimum: Ix =| 0 \\/f" ’\\
aq ,x’,’\
Yo e \

1
aq=(zz>zG:Dk) S DG (m, ~d(ay)
k k

-1
C= (ED,{G;le)
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Global 2 fit with material

» IN reality the particle gets deflected by material

- multiple coulomb scattering

material
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Global 2 fit with material

» N reality the particle gets deflected by material

- multiple coulomb scattering

» modification of the y? function

X2 - EAkaGI_(IAmk T E(SHZ_TQZTI(SHZ, material
k I

with: Amk =m, _dk (q,é@l)
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Global 2 fit with material

» N reality the particle gets deflected by material

- multiple coulomb scattering

» modification of the y? function
x° =Y Am/G'Am, + ¥ 66,066,
k i

with: Amk =m, _dk (q,égl)

» every layer is a material layer

- creates a computational problem:
matrix inversion of huge matrix to find the
22 minimum

17
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1he Kaman Hiiter

» offers an alternative solution to the large matrix inversion
- Initially developed by |. Kalman to track missiles

- for HEP pioneered by Billoir and R. Fruehwirth

» performs a progressive way of least square

\

L ~_,
estimation ~_

\

- equivalent to a y? fit (if run with a smoother)

- start with transport of track parameters \ y
(and covariances) to measurement surface, N
create predicted parameters (“‘predicted state”) \ \

- combine/update predicted parameters with AN A

to updated parameters \‘:\ \
(“filtered state”) \

A

o .
\

18
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1 he Kaman Hiter wih matena

» WNen crossing a material layer

- Increase covariance by “noise” term according to the amount of material crossed
(scattering has expected mean of O)

- energy loss is applied deterministically
(additional noise term for straggling added)

material
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1 he Kaman Hiter wih matena

» WNen crossing a material layer

- Increase covariance by “noise” term according to the amount of material crossed
(scattering has expected mean of O)

- energy loss is applied deterministically
(additional noise term for straggling added)

material

|

surface k — 1 scattering matter surface k

predicted state @y

filtered state measurement my
Lp—1k-1

wf

19




1he Kaman Hiter in matns

» let’'s assume the k-th filter step
- propagate parameters and covariances from k-1 to k adding noise Q if present

qk|k-1 :fk|k—1(qk—1|k—1)

Cili—1= Fk|k—1Ck—1|k—1Fz|k_1 + Oy —
- update the prediction with ~.
Gk = Gilk-1 + Kilmy = \hilqri-1) ] — ~

Cije = I - KiH} ) Crppe— ~L \
N

with gain matrix Kx :

N
K = Ck|k_1H}f+ H.CyH))™ \ > \ \

measurement covariances

\\‘/ \ k
» run the smoother from k+1t0k \
Qiln = Qklk T Ak(qk+1|n ~ qk+1|k) /
Citn=Cis =~ Ar(Crorii — Cror ) A

with smoother gain matrix Ax: Ay = Ck|kF,f+1| ,{(C,HM,()‘1

20
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Reminder

VWalt a second .

» Global y? fitter and Kalman filter are least squares estimators that rely on
gaussian errors:

G}, the covariance of measurement my

O\ the noise addition due to material effects (Kalman filter)

EéHiTQi‘l(SHi ¥° contribution from scattering angles (y? fitter)
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Reminder

VWalt a second .

» Global y? fitter and Kalman filter are least squares estimators that rely on
gaussian errors:
G}, the covariance of measurement my

O\ the noise addition due to material effects (Kalman filter)

EéHiTQi‘l(SHi ¥° contribution from scattering angles (y? fitter)

neither of them are!

250 charge weighted deflection
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Outliers

» What Is a compatible measurement

- first of all: that’s a definition, usually bound to a y? compatibility cut

- assuming a perfect gaussian

045 oy T v 1
1

system: o
there is a probabillity of hits being 035 |
outside any range, usually defined 03

025 |}

as outliers if found by pattern
recognition by rejected by fit

02

015

- non-gaussian tails increase the SRS
outlier probability /

NnoNn-gaussian measurement p.d.f.

005 *©

Or NON-gaussian Noise effects
iNncrease the risk of outliers

» Qutliers do not contribute to the track fit

- they are a good quality measure of the track though

22
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Understanding the track fit output

» Track fit yields

- fit quality measure, usually )(2 over number of degrees of freedom

- fitted parameters (e.g. expressed at perigee) and associated error matrix

q = (d07 <05 ¢7 07 Q/p)
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Understanding the track fit output

» Track fit yields

- fit quality measure, usually )(2 over number of degrees of freedom

- fitted parameters (e.g. expressed at perigee) and associated error matrix

q = (d07 <05 ¢7 97 Q/p)

\

diagonal elements: errors on the parameters
off-diagonal elements: include the correlations between the parameters
cov(qi,qr) = Qik0iOk

\ correlation coefficient

23



Understanding the track fit output: parameters

» What do large impact parameters mean

- iImagine a neutral particle decaying somewhere in the detector
Ay 'A A

]
1 ]
l'l
]
]
(]
(]
[]
[]
. '4
1 4
#I_i ’
] ] ,'
' '
' 4
’
.
4
’
. ¢
’
’
¢
¢
¢

]
1
]
L - —
T
]

y
0
' ¢
7z dy / / / / / X
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Understanding the track fit output: parameters

» What do large impact parameters mean

Ay

o z= ® /




Understanding the track fit output: parameters

» What do large impact parameters mean

T4 4

7

P
(4
-
s
-
-
-
-
-
-------------




Understanding the track fit output: parameters

» What do large impact parameters mean

T4 4

7




INTERLUDE

Jnderstanding the track fit output: parameters

» What do large impact parameters mean 7

- Imagine some significant energy loss
( 4

‘ % ............ l

trajectory w/o
material effects

Z0

A. Salzburger - Track and Vertex Reconstruction - Part 2 - HCPSS Aug 11-22, 2014



Understanding the track fit output: parameters

» What do large impact parameters mean

- Imagine some significant energy loss

; + v track B particle
) trajectory w/o
- matfrlal effects
i N\
«
\
) /

: Z ERRE



INTERLUDE

Jnderstanding the track fit output: parameters

» What do large impact parameters mean 7

- Imagine an unfortunate scattering chain
$r 4

trajectory w/o
material effects
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Understanding the track fit output: parameters

» What do large impact parameters mean

- iImagine an unfortunate scattering chain
N 4 + v track B particle

trajectory w/o

- material effects
p)




INTERLUDE

Jnderstanding the track fit output: parameters

» What do large impact parameters mean 7

- iImagine an unfortunate scattering chain
$r 4

trajectory w/o
material effects

Z X
Z0

» What's the difference to the former examples”?
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INTERLUDE

Jnderstanding the track fit output: parameters

» What do large impact parameters mean 7

- iImagine an unfortunate scattering chain

trajectory w/o
material effects

Z X
Z0

» What's the difference to the former examples” This is actually a large Ady, Azp
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Understanding the track fit output: momentum

» Assume homogenous magnetic field B

track




Understanding the track fit output: momentum

» Assume homogenous magnetic field B

d’r q [dr
ds® 1_7 [% " B(I')] track
pr = kBR _
.
N N\
R ) \_ \




Understanding the track fit output: mormentum

» Assume homogenous magnetic field B

d’r dr
=1 [— x B(r)]
ds p Lds track
pr = kBR _
-
R |
» fransverse momentum _
measurement . L;
s a sagitta measurement h=Res
2 2 L\* 2 L7 ) ) \
- () =R R \
h=R 1—L—2) _§~R(1—1L—2+ ) _ W
B AR? ~ 24R2 N\
L2 \
s=R—h=——
SR




Understanding the track fit output: mormentum

» Transverse momentum & sagitta

L2
= R—h=—
> S8R R track
L2 N
— kBR = kB—
pr=~ " 8S —
. L
h = R-s -’S
:
R \
\

28



Understanding the track fit output: mormentum

» Transverse momentum & sagitta

L2
S_R_h_@ A track
2 a
pr = KBR = /ﬁng -
R |
» Yields measurement
uncertainty on pr | L]
h = R-s S
o(pr) 3PT )
= ~0(s) N\

28



Understanding the track fit output: mormentum

» Transverse momentum & sagitta

L2
s=R—-h= Y
pr = kBR = KJBL—2
8S
R
» Yields measurement
uncertainty on pr -
h = R-s
o(pr) B SpT 0'(8) .
pr  KkBL? R

» With a sagitta uncertainty from N
measurements with resolution ot

AN agT

osN) =\ N ra s

with 4y = 720 (Gluckstern factor), NIM, 24, P381, 1963

track

28



Jnderstanding the track fit output: correlations

» Assuming a helical track model (solenoidal magnetic field)

Ar

4
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z do

Y
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4
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Jnderstanding the track fit output: correlations

» Assuming a helical track model (solenoidal magnetic field)

Ay 44 A y




Jnderstanding the track fit output: correlations

» What can we say about the correlations 7

- dp correlates strongly with ¢

- zp correlates strongly with 6

- g/p correlates with dp and ¢

via the transverse component pr

- g/p correlates with zp and 6

via the longitudinal component pL

31



INTERLUDE

Jnderstanding the track fit output: correlations

» WWhat can we say about the correlations

0.002:—;:.:5:52 o p(z,, cot®)

dy correlates strongly with ¢ L A

0.001F ..iti

zo correlates strongly with 6 poooskr i

q/p correlates with dp and ¢ o i,

_0.0005: RPN "

via the transverse component prt ool - ammmmmmmna o

-0.0015F

q/p correlates with zgp and 6

-0~002:rllII|IIII|IIII|IIII|IIII|IIllll-il..ll.l:l.l:l:l..l:

via the longitudinal component pL

0.006/- P(3), o) . SRR p(ag. a/py) - o p(9o,9/p)
T T .o 0.002— " :_.21 I _. ST _ L 0.002 T . .

Lo 0001 7. 0.001+
0.002f, --...::iie T -

oF

0002 .

-0.001 i -0.001—

0,004 _ R S _ I DT D O N
[l 1 | 1 | 1 | 1 | 1 | 1 | 1 | 1 | | 1 | o 1 | L e T T 1 [~ . | 1 | Ll
-0.004 -0.002 0 0.002 0.004 -0.004 -0.002 0 0.002 0.004 -0.006

I I AN AN A A b 4

0.002 0.004 0.006
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HIgNly NON-gaussian systems

» Non-gaussian measurement errors can be kept under control

- after all: we build the detector

» Non-gaussian material effects are a real problem

- multiple scattering has only small gaussian tails A

- energy loss is non-gaussian:
-> jonization loss is Landau distributed, but fortunately AE << E
-> remember. bremsstrahlung is a dramatic effect

T ] L T T

10°F E

10

107k
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—IgNnly NoON-gaussian systems

» Large energy loss leads to an effective detlection of the particle

- dramatic change of curvature

» [t IS a stochastic effect

- how to estimate a compatibility
of a hit with the track model ? material

N
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—IgNnly NoON-gaussian systems

» Large energy loss leads to an effective detlection of the particle

- dramatic change of curvature

» [t IS a stochastic effect

- how to estimate a compatibility
of a hit with the track model ? material

10°

10

107

10
0.2 . . 1.2
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—IgNnly NoON-gaussian systems

» Trying a naive global y? fit

- needs a large scattering angle / energy loss
to compensate this change of curvature

S 1t a change of curvature 7
S it a deflection ?
are hits from one particle ?

material
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—IgNnly NoON-gaussian systems

» Trying a naive global y? fit

- needs a large scattering angle / energy loss
to compensate this change of curvature

S 1t a change of curvature 7
S it a deflection ?
are hits from one particle ?

additional measurements help

10°

10

107

102
0.2
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—IgNnly NoON-gaussian systems

» Trying a naive global y? fit

- needs a large energy loss "*\
to compensate this change of curvature \
»

10°

10k
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HIgNly NON-gaussian systems

» Trying a naive global y? fit

- needs a large energy loss "*\
to compensate this change of curvature \
“k

» modification of the y< function T \
Xz = EAkaGI_(lAmk + E(S@iTQi_léei \
k i

with: Amk =m, — dk (q,é@l)

10’; =

10 -

10";

material
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—IgNnly NoON-gaussian systems

» Trying a naive global y? fit

- needs a large energy loss "*\
to compensate this change of curvature \
“R

» modification of the y? function \

x° =Y Am/G'Am, + 66,0766
k i

with: Amk =m, — dk (q,éHi
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—IgNnly NoON-gaussian systems

» Trying a naive global y? fit

- needs a large energy loss "*\
to compensate this change of curvature \
»

» modification of the y? function

x° =Y Am/G'Am, + 66,0766
k i

>

with: Amk =m, — dk (q,éHi

10°
10 v what's the
1 ) associated error ? g
ok how not to bias™
: the fit ? |
10° 1. .. PR AP TPEPEPI PP .

material




The Gaussian sum Hitter

» Kalman filter formalism offers a very elegant solution to this problem
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The Gaussian sum Hitter

» Kalman filter formalism offers a very elegant solution to this problem

- fork the Kalman filter at the material layer
iInto multiple components with weights
and propagate them individually

material

(0)

modelled with 6 gaussians
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The Gaussian sum Hitter

» Kalman filter formalism offers a very elegant solution to this problem

- modelling of non-gaussian noise T~
through multivariant (gaussian) approximation QG . Q4

- fork the Kalman filter at the material layer
iInto multiple components with weights

and propagate them individually ol
materia

(0)
modelled with 6 gaussians

A
rvrJ 'l rJrymrYy V¥ YrTrtrVvyYymrmm T
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The Gaussian sum Hitter

» Kalman filter formalism offers a very elegant solution to this problem

- modelling of non-gaussian noise T~
through multivariant (gaussian) approximation qs . q \

- fork the Kalman filter at the material layer
iInto multiple components with weights

and propagate them individually ol
materia

- update each component and re-evaluate

the weight depending on compatibility
kil components with too (0)
low weight 5

| ! rrl g




—ecap of today

» We've found tracks

- global and local pattern recognition algorithms

» We've Titted those tracks

- least squares estimator fit,
e.g. global ¥° minimazation, Kalman filter

» Discussed the fit output

» Touched upon “ghost tracks”

- we will hear a bit more about that though

» Dedicated electron fitting
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