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INTRODUCING AN ALICE BASED KALMAN FILTER FOR ND-GAR

A This is an expansion on previous work done on a Kalman Filter study f@AELite:

1. Dune Collaboration meeting #@anuary 2022 N@GAr parallel session:
https://indico.fnal.gov/event/50215/contributions/232480/

2. ND-GAr weekly meeting 18 March 2022:
https://indico.fnal.gov/event/53600/contributions/236685/

3. DUNE Collaboration meeting ¥8May 2022:
https://indico.fnal.gov/event/50217/contributions/241519/

4. ND-GAr weekly meeting 9 August 2022:
https://indico.fnal.gov/event/55842/

A Iln todayodos presentation:

1. Introduce Toy MonteCarlo tool used for the studfastMCKalmar)
2. Introduce conceptforanALICBEased dAradial o -&&| man
3. Show results of early tests and compare with-GIBr-Lite as a sanity check

Fi |l ter
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https://indico.fnal.gov/event/50215/contributions/232480/
https://indico.fnal.gov/event/53600/contributions/236685/
https://indico.fnal.gov/event/50217/contributions/241519/
https://indico.fnal.gov/event/55842/

SIMULATION
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TOY MONTE CARLO

A fastMCKalman Toy Monte Carlo tool created to test and

develop reconstruction algorithms for TPC detectors (crediig 300

to Professor Marian lvanov
https://github.com/miranov25/fastMCKalman

A Generate particlamith given initial total momentum,
charge, angle and initial position

A Propagate step by step the helix parameters
ouh Q8O h— until particle leaves inner tracking

volume(Note: %oazimuthal angle, dip-angle,
transverse momentum i ¢plane)

A At each step simulatenergy LossandMultiple
Scatteringboth can be switched on and off)

A The 10k muon test sample was produced using the same
charges, momenta and initiaf positions as the sample
analyzed for latest KF study on NGAr-Lite
(https://indico.fnal.gov/event/5584p/
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https://github.com/miranov25/fastMCKalman
https://indico.fnal.gov/event/55842/

TOY MONTE CARLO: ENERGY LOSS

BetheBloch (PDG) 0Q0 G A fp &Y |
https://pdg.lbl.gov/2005 ——. 0 = —|-a < . > | —] | GeV/ (g/lcm
/reviews/passagerpp.pdf Qw o T |G O G

A Energy loss simulated in three steps:

1. CalculateQ @Q cwith BetheBlochand convert taP/dx
2. Calculateno ment um | oss over tr aljoescstodrsyt eippns Qe I3 F O M
i 0 Q8 T OQM)
3. Convert momentum loss first into energy le8s O O then intomultiplicative factor to update
nm :
N = 30 .
—Z WLUT(pPp = 30 ¢ O
n n

These formulas are the same as the ones used by Geant4
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https://pdg.lbl.gov/2005/reviews/passagerpp.pdf

TOY MONTE CARLO: MULTIPLE SCATTERING

Moliere Formula (PDG) P&l Qw o
https://pdd.Ibl.gov/2005 — O,/ [p T8t alYPloH® |
[reviews/passagerpp.pdf (N

A Multiple Scattering smearing simulated in three steps:

1. Calculate width of thengular gaussian distribution produced by MSfrom Moliere

formula
2. Propagate the error to the relevant Helix parameters, obtaining their respéctive
(n ﬁ! Fl’ 7 )

3. Smear parameters with Gauss distribuhaning for width the respectived s

These formulas are the same as the ones used by Geant4
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https://pdg.lbl.gov/2005/reviews/passagerpp.pdf

RECONSTRUCTION
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KALMAN FILTER BASICS

iHU iU L g

_— /

A Posteriori A Priori Kalman Gain: small if confidence in Residual: distance between
model (determined by covariance measurement and a priori
matrix P) high, large if confidence low

A Kalman filter: iterative Bayesian algorithm which mediates between system knowledge and
measurement. Each iteration divided in three steps:

1. MakeA Priori prediction of t he st ate of the system using

2. CalculateResidual: distance between measurement and prediction
3. Mediate between the a priori prediction and the measurement calctdatmgn Gain and produce

A Posteriori estimate

Note:See backup for further reading FEETETF%%?




KALMAN FILTER BASICS

d)A
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KALMAN FILTER MODEL AND APPLICATION

updated by the Kalman filter {3

Gl "QECHA S o ;

A Useparametrization used in ALIC[State vector wl[

A ALICE uses no approximations in the propagation,
unlike currenND-GAr model which uses small ‘
angle approximatio(for full description check ‘ 2 OB
backup and first NDGAr-Lite presentation
https://indico.fnal.gov/event/50215/contributions/2 0
32480/)

0,
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https://indico.fnal.gov/event/50215/contributions/232480/

KALMAN FILTER MODEL AND APPLICATION

A Useparametrization used in ALIClstate vector
updated by the Kalman filter (3

chohi "QEOVA Ih—

A ALICE uses no approximations in the propagation
unlike currenND-GAr model which uses small
angle approximatio(for full description check

backup and first NDGAr-Lite presentation
https://indico.fhal.qgov/event/50215/contributions/2
32480/)

A Kalman filterpropagated radiallybefore each
propagation, the coordinate systemasated by an
angle OAdIfa, so that the tr a
on the local axis (i.e.a coordinate becomes the
radius from center of the detector)
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https://indico.fnal.gov/event/50215/contributions/232480/

KALMAN FILTER MODEL AND APPLICATION

A Locali "Q&définestwanemip| anes wit h f[mi
repr es e theé lme separatimgthe two is the one connecting
the center of the detector and the center of curvature of the track

A As the trackapproaches one of the two sephanes; "Qéré}a@hes a
point where it cannot be propagated furti@BdN  plp

A Once the limit is reached, th&atevector and Covariance associated

with the | ast reconstructed
i Yi 0 YO 'Y
P TT T T T
mpPe T T T
LQOYQ(mM m p T T
m T T p T
mT T T T P

A Finally, thelocal x coordinate is propagated by calculating the arch
between the two mirrored points:

O o Ol GROE _

track p

rrored

S
7 [

Yt kare filmirroredo

A\ 4

SE / d
> NE 1, ‘
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ENERGY LOSS CORRECTION

BetheBloch (PDG) 000 . & & fp. [ca T Y |
https://pdg.lbl.gov/2005 —— U0 = —|=q . | —| [ GeV/ (g/lcm
[reviews/passagerpp.pdf Qw o T |G O S
A Energy loss correction applied to helix fit:
1. GetQ @Q owith BetheBlochand evaluattno ment um | oss over tr aljoescstoorsyt e pns s ma
2. Calculatemultiplicative factor to updatgfm :
n, w0 T <p 30 30 ¢ ©O >
n n

2. Add factor to diagonal element of 5x5 Covariance Malroorrespondent t4ff) (found through error propagation):

5 n riI
u[t][t] (h p )

These formulas are the same as the ones used by Geant4
Applied to bot hbyKaleman akRidl Serdisgemgl obal |l yo
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https://pdg.lbl.gov/2005/reviews/passagerpp.pdf

MS CORRECTION

Moliere Formula (PDG) P&l Qw o
https://pdd.lbl.qov/2005 - O/ [p T8t olPlaled |

[reviews/passagerpp.pdf

A Multiple Scattering correction applied to Helix fit:

1. Calculate width of the angular gaussian distribution produced by-Mfsom Moliere formula
2. Propagate the error to the relevant Helix parameters, obtaining their respéctye (h, h 7 )

3. Update covariance matrix diagonal elements:

vlcllc] .

0[c][o]

~

kD[T][T] T

These formulas are the same as the ones used by Geant4
Applied to bot hhyKalemanakd|l Seediisgepgl oball yo

N
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https://pdg.lbl.gov/2005/reviews/passagerpp.pdf

GLOBAL HELIX FIT AND INITIAL COVARIANCE ESTIMATION

A Seeding for Kalman done with simple $oint
helix fit:
A & ph andO B4 estimated by finding
a hwy  andi of the ¢plane circumference:

v
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GLOBAL HELIX FIT AND INITIAL COVARIANCE ESTIMATION

A Seeding for Kalman done with simple $oint
helix fit:
A & ph andO B4 estimated by finding
a hwy  andi of the ¢plane circumference:

A O A lfrom the ¢plane arc between the first two |
points and the correspondent movement inuthe - %
direction: )

v

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

A Note:Energy loss and MS corrections applied
similarly to Kalman Filter o hoo
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[ESTS AND RESULTS
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A Test naming convention:

A ¢  Kalman Filter using

ideal seed

€8  ALICE 3-points

Helix Fit

cap  Helix Fit E-loss

correction

cary HelRixt

ETl#ooMSorrect.i

cas He lRiMS

correction

c¢g80w Kalman Filter

using Helix Seed

£8800  Kalman Filter

+ E-loss correction using

Helix Seed

A &80 Kalman Filter
+ E-loss + MS corrections
using Helix Seed

A £&80Q Kalman Filter+
MS corrections using
Helix Seed

o o P Do I Do

A Note: Same NBGAr-Lite sample
used for all the test&or different
¢ we have different Toy Monte
Carlo setups (Eloss, MS etc.)
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TEST 0.5

Point Smear dE/dx Helix QPQw MSCorr Helix QPQw MSCorr
Result Corr Seed Corr
0.5 n, ™ O 4 n
0.5a n, ™ 0 A n

A Compare results in terms of fractional residuals for the helix paramétets ‘Q&(@ fk— and the total momentur
and checkhat theCovarianceMatrix describes the sample

A For this set of tests, no energy loss nor multiple scattering are sichidtee Toy Monte Carlo and a gaussian smearin
” TPW ais applied to the points

A Compare 2 reconstruction results:

A Simple ALICE 3point method with no corrections
A Kalman Filter applied over simple ALICE®int method with no corrections in eithétr
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TEST 0.5: HELIXFIT

y residuals z residuals sing fractional residuals
- ho b ol hi _— h2
[~ = — f= —
350 — Entries 10000 - Entries 10000 5000 - b Entries 10000
- Mean  6.854e-05 C Mean  0.0008263 B Mean  1.924e-05
300 300 — B
- Std Dev 0.1001 - Std Dev 0.09961 4000 |— Std Dev  0.002923
250 250 |— _
200— 200 | 3000
= 150 — -
150 B 2000 —
100 100{— -
- n 1000 [—
50— 50— C
OZLJI \l\l\l‘l\l\ll\I\l\l\l‘l\l Ll O_LJI III|IIII|IIII|IIII|IIII|II | | O_IIII|IIII|IIII|III|IIII|IIII|IIII|IIII
04  -03 -02  -0.1 0 0.1 0.2 0.3 0.4 04  -03 -02 0.1 0 0.1 0.2 0.3 0.4 -02 -015 -01  —0.05 0 0.05 0.1 0.15 0.2
-p0 Pl Pl (P2 -p2 )p2
reco MC reco MG reco MC MG
tanA fractional residuals q/pT fractional residuals |p| fractional residuals
. - = 4 h5
i h3 < = = 1 .
1200 Entries 10000 | 2200 — | Enties 10000 | 2200 |— | Entres 10000
B Mean  0.0003119 2000 Mean  0.000194 2000 Mean  0.0003377
1000 B Std Dev 0.03269 1800 i Std Dev  0.02454 1800 :_ Std Dev 0.02463
_ 1600 | 1600 |-
800 |— 1400 |— 1400 |—
C 1200 |— 1200 |—
800~ 1000 = 1000 |-
N 800 800 —
400 — = -
- 600 — 600
200 400 — 400
: 200 :_ J L 200 :_ J_u_A/VAJ L
— . ) L :IIII|IIII|III_L| 0 IR B R R B R 0:""|""|"" L L Lo Lo Loy
Ly Jio_l?5 1 7‘0_'05‘ = [‘3 Y o 1 “0‘_#5 — %4 03 02 -0 0 0.1 0.2 0.3 0.4 04 -03 -02  -0f 0 0.1 0.2 03 04
(P3,,,P3,0/P3, (P4 o Phc /P4 o P s Puc!Puc
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TEST 0.5A: KALMAN FILTER

y residuals
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z residuals
3 2200 histo1
f= [
2000 o Entries 10000
- Mean -6.647e-05
1800 [—
C Std Dev 0.01488
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800 |
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OzlllllllllllllllllI|III|IIII|IIII|IIII
-0.4 0 0.3 0.4
G LN
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C Mean  -3.224e-05
4000__ StdDev  0.001594
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07IIII|IIII|IIII|IIIIr—JIIIIlIIIIlIIIIlIIII
-0.4 0.4
reco-p“l MC)JPA MC
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4500 = il Entries 10000
- Mean  -0.0001102
4000 = StdDev  0.007266
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1000 =
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0:IIII|IIII|IIII|IIJ_-|JV|—I'h__III|IIII|IIII|IIII
-0.2 0 0.1 0.15 0.2
(p2 eca-pz Mc)fp2 MG
|p| fractional residuals
- histo5
5000 |— Entries 10000
- Mean 3.521e-05
L Std Dev 0.001594
B w7 ndf 4962/ 1
4000 L Constant 9231+ 174.3
- Mean 3.526e-05 + 2.117e-05
- Sigma 0.002393 + 0.000029
3000 —
- f
2000 —
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0 _I 1 1 1 | 1 11 Il | Il 1 Il 1 ‘ 1 Il 1 Il 1 Il 1 Il | Il 1 Il 1 ‘ 1 L1 1 | 1 1 1 1
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PULL TEST: HELIX

y residuals
= h0
350 ; Entries
C Mean 0.0008854
- Std Dev
300 — ¥2 / ndf 67.46/ 86
F Constant 319.3+39
250 [— Mean 0.001085 + 0.010004
E Sigma 0.9933 + 0.0071
200
150 —
100
50—
0:I Lol il Il | L1 11 ‘ L1 1 1| |I L1 | | I | ‘ 1 \I H Ll
—4 -3 —2 —1 0 1 2 3 4
poreco-po

MC

eV

350

300
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200

150

100

50

To check the quality of the estimation
of the covariance matrix we perform a_

Pull Test

Pull test:rresiduals of parameters

divided by the squareoot of the

250

200

150

correspondent diagonal matrix, shoulds

form a Gauss distribution with D p

Helix seed estimates uncertainties

effectively for all 5 parameters

50

|
ATTTT

(k=
AITTTI

z residuals

= hi
— Entries 10000
C Mean 0.008263
- Std Dev 0.9961
C %2/ ndf 80.51/85
C Constant 321.2+40
- Mean 0.006623 + 0.009935
C Sigma 0.9857 +0.0071

-3 - -1 0 1 2 3

p1recc-p1

tanA fractional residuals

h3
Entries 10000
Mean -0.01541
Std Dev 1.001
¥2 / ndf 99.87 /82
Constant 319+£39
Mean —-0.01453 £ 0.01001
Sigma 0.9911+ 0.0071

-1 0 1 2 3 4
(p3 reco p3 M[:)fc33 MC

[ =

Ngy

sing fractional residuals

h2
350 — Entries 10000
C Mean —0.004006
300 [ Std Dev 1.004
C 42/ ndf 63.57 /86
C Constant 318.2 £ 4.0
250 — Mean  —0.003641 % 0.010059
C Sigma 0.9968 + 0.0073
200
150 —
100
50
0 1 i v v by b v by Ly ‘- - = [
02 _3 — 1 0 1 2 3 4
(P2 P2 Mc)fc22 MG
g/p_ fractional residuals
T
h4
L Entries 10000
C Mean —0.008328
300 — Std Dev 1.005
N x° / ndf 75.62 /86
250 — Constant 317.9 +3.9
C Mean -0.01017 + 0.01005
C Sigma 0.9969 + 0.0073
200
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= A N
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y residuals z residuals sing fractional residuals
ho . 350 h1 . h2
350 - Entries 10000 | < - Entries 10000 | £ 350 — Entries 10000
= Mean 0.01208 C Mean -0.003244 C Mean 0.01195
- Std Dev 1.001 300 Std Dev 0.9971 300 Std Dev 1.04
300 1— 2 / ndf 82.75/87 - 2 I ndf 94.03 /84 r x2/ ndf 79.61/94
- Constant 319.1£ 4.0 250 Constant 3205+39 - Constant 307.4 3.9
250 - Mean 0.0149 +0.0100 o Mean  -0.004403 + 0.009968 250 Mean 0.01178 + 0.01036
- Sigma 0.9922 + 0.0073 - Sigma 0.987 + 0.007 C Sigma 1.029 + 0.008
200 - 200 — 200 —
150 f— 150 — 150 —
100 f— 100~ 100 |-
50 — 50 |— 50—
q4 73 72 71| L1 | 0I L1 | 1 | 2 3 1 |4 q4 73 72 71| 11 IOI 111 1 2 3 e | q4| 73 72 |71| 11 IOI 111 1 2 3 4
PO oo POye Pl Pluc (P2 o P2, Ne22,
tan fractional residuals g/p_ fractional residuals
. . . T h4
To check the quality of the estimation _ hg : _
. . < C L Entries 10000 | < N Entries 10000
of the covariance matrix we perform asei- ean 0006824 | goof Mean 001401
C Std Dev 0.9961 C Std Dev 1.135
- 2 I ndf 75.76/ 84 N x2 / ndf 169.1/95
P u l l TeSt 250 | — Constant 3197+39 250 | — Constant 284.3+3.8
- Mean  -0.003168 + 0.010026 - Mean -0.016 £ 0.011
sool- Sigma 0.9917 + 0.0071 o00 - Sigma 1.097 £ 0.009
Pull testrresiduals of parameters - -
. . 150 [ 150 -
divided by the squarmot of the - -
correspondent diagonal matrix, shoulde|- 100~
form a Gauss distribution with D p e S0l |
C C L
- I I o= T T T T RN A O P RIS e o B =
4 3 —2 - 0 1 ~4 -3 -2 -1 0 1

1
2 3 4
(P4 P4 Mc)m44 Me

Kalman Filter propagates uncertainties” :

effectively for all 5 parameters FEDERICO
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MAHALANOBIS DISTANCE TEST

A Given a probability distribution Q o with mean®® and
positive-definite covariance matrix P tidahalanobis
distancgM-Distance) of a poinbfrom Q is defined as:

Q J@® DO0b P

A The M-Distances of a set of points belonging to the
distribution Q will follow a... distribution with N degrees of
freedom

A To check if a covariance matrix of a distribution Q is correctly
estimated one caralculateQ) for a certain number of
Apointso (i n our case state
follow the correct.. distribution(NB: this checks the whole
matrix including correlations, unlike standard Plgist.

Thanks to Lukas Koch for the suggestioh

A Easy way to visualize this is@uantile VS Quantile (QQ)
plot, in our case quantiles of tiée distribution VS quantiles
of the... distribution: if we get atraight line the estimated
Covariance describes the distribution

M-distance Quantiles

QQ Plot

—
o
o

oo
o

60

40

20

60

|
80

100

%2 Quantiles (df=5)

QQ-plot for 3-point Helix Fit for test 0.5
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MAHALANOBIS DISTANCE TEST

A Given a probability distribution Q o with mean®® and
positive-definite covariance matrix P tidahalanobis
distancgM-Distance) of a poinbfrom Q is defined as:

Q J@® DO0b P

A The M-Distances of a set of points belonging to the
distribution Q will follow a... distribution with N degrees of
freedom

A To check if a covariance matrix of a distribution Q is correctly
estimated one caralculateQ) for a certain number of
Apointso (i n our case state
follow the correct.. distribution(NB: this checks the whole
matrix including correlations, unlike standard Plgist.

Thanks to Lukas Koch for the suggestioh

A Easy way to visualize this is@uantile VS Quantile (QQ)
plot, in our case quantiles of tiée distribution VS quantiles
of the... distribution: if we get atraight line the estimated
Covariance describes the distribution

QQ Plot

—
o
o

oo
o

M-distance Quantiles
[

60

40

20

0 20

the tracking

40

60

|
80

100

%2 Quantiles (df=5)

QQ-plot for 3-point Kalman Filter for test 0.5a.
Slight underestimation in the tails probably due
to approxi mations done
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TEST 1.5

Toy-MC Kalman Filte

Point Smear dE/dx Helix QdFQw MSCorr Helix QdFQw MSCorr
Result Corr Seed Corr
151 n, ™ Wa n n n
15.1b n, ™ Od n n n n

A For this set of test&-loss is introduceth the Toy MCsimulation

A Compare 2 reconstruction results:
A Helix Fit with E-Loss correctionslest 1.5)
A Kalman Filter applied over simple Helix Fit withl&ss corrections in botfiest 1.5a)
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TEST 1.5.1: HELIX

y residuals
350 h0
C Entries 10000
300 — Mean  0.0003741
C Std Dev  0.09874
250 —
200
150 —
100
50|
7LI ) 11| | I | ‘ | - | | - | I | ‘ 111 |
04 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 04
poreco-pUMC
tan) fractional residuals
- h3
- Entries 10000
600 [—
- Mean  0.0003809
- SidDev  0.04457
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400[—
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200 —
100
0 - M1 | - | I | ‘ I | ‘ | - | Il
-0.2 -0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2
(pareco'pamc)fpauc
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z residuals

h1

Entries
Mean

Std Dev
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0.09953
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0.001234
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[EST 1.5.1B: KALMAN FILTER+E-LOSS CORRECTION
y residuals z residuals sing fractional residuals
- histo0 . - histo1 . - histo2
1600 Entries 10000 2500 — Entries 10000 4500 F L Entries 10000
- Mean  -0.0002301 - Mean -8.368e-06 - Mean  2.062e-05
1400 [ B 4000 —
C SidDev  0.01984 2000 SidDev  0.01202 = Std Dev  0.007332
1200 | K 3500
C - 3000 [
1000 |~ 1500 — =
C C 2500 —
800 [ - c
- = 2000 —
- 1000 — E
600 — - e
- C 1500 =
400 500 |— 1000 —
200 — B 500 —
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-po p1_ -p1 (p2 _-p2  )p2
reco MC reco MC reco MC MC
tanA fractional residuals q/pT fractional residuals |p| fractional residuals
- histo5
s - histo3 |z 5000 [ i — < 5000~ . Entries 10000
4500 Entries 10000 B niries O Mean 5692605
= Mean  3.712e-05 - Mean  3.344e-05 - Std Dev 0.002521
4000 | StdDev  0.006937 4000 | Std Dev  0.002537 4000 — - /ndf 2702713
- ' - - Constant 8878 + 153.8
3500 — O C Mean  7.018e-08 + 2.200e-05
E - N Sigma 0.002463 + 0.000028
3000 = 3000 |— 3000 |—
2500 — O N i
2000 — 2000 - 2000 |—
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M-DISTANCE TEST: 1.5.1-1.5.1B

QQ Plot QQ Plot
A The M-Distance plots for % 100 PR TP ENE S SN B S
these tests showsdlight over § - § i
estimation of the errors § N ____r-""f § o #_‘___..a"
A This might be due to oo ' 0 '
implementation of the ioss 60 e oo
correction in the Seeding i :
(probably not in the KF sk a0l
propagation, see next test) or i I
to the approximations made _— -
. . . 20}—--a" 20—
in the mirroring step of the - -
propagation. Further F F
investigation needed T T BT a—T T b 20 40 60 80 100

%2 Quantiles (df=5) %2 Quantiles (df=5)

QQ-plot for Helix Fit + Eloss correction
Covariance Estimation (Test 1.5.1)

QQ-plot for Kalman Filter + Hoss correction
Covariance Estimation (Test 1.5.1b)
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TEST 2.5

Toy-MC Kalman Filte

Point Smear dE/dx Helix QdFQw MSCorr Helix QdFQw MSCorr
Result Corr Seed Corr
251 n, ™ 04N n n n n n
251c n, TGN n n n n n n

A For this set of test8-loss and Multiple Scattering are introduéedhe Toy MCsimulation

A Compare 2 reconstruction results:
A Helix Fit with E-Loss + MS correction§lest 1.5)
A Kalman Filter applied over simple Helix Fit withl&ss + MS corrections in botfiest 1.5a)
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[EST 2.5.1: HELIX FIT+ E-LOSS +MS CORR
y residuals z residuals sing fractional residuals
350 hO & 350 h1 £ 1000 h2
C Entries 10000 - Entries 10000 - Entries 10000
300 - Mean  0.0008314 300 — Mean  0.0002814 : Mean  -1.685e-05
C SidDev  0.1004 B SidDev  0.09895 800 — SidDev  0.04036
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p0 1P (p2_ -p2 )p2
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tanA fractional residuals q/pT fractional residuals |p| fractional residuals
. = h5
] N3 |2 a0 200 < h5 ]
600 Entries 10000 - Entries 10000 raobk | Entiss 10000
- Mean  -0.0001828 1801~ Mean  -5.208e-05 - Mean  0.008267
500 SdDev 004539 160 Std Dev 0.1364 160 — StdDev  0.1323
C 140l 140—
400~ 1201 120
C 100 - 100 |~
300 — C c
B 80— 80 —
200|— sl 60—
- 40— a0~
100 — - C
- 20— 20—
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PU.Q —0.15 01 —0.05 0 0.05 0.1 0.15 0.2 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 0.4 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 / 0.4
(pareco-pamc)fpauc (p4reco-p4Mc)jp4 MC (prece-pMC) pMC
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[EST 1.5.1B: KALMAN FILTER+E-LOSS +MS CORRECTION
L} u L}
y residuals z residuals
2 1000 histo0 2 1000 histo1
- Entries 10000 L Entries 10000
: Mean  -3.181e-06 B Mean  -0.0005463
800 — Std Dev 0.03246 800 — Std Dev 0.03183
600 — 600 —
400 — 400 —
200 — 200 —
O_I 111 | 111 | I | | | | I | ‘ | | 1111 _I 111 | 1111 | 111 1111 | 1111 1111 | | T - | 1111
-04 -0.3 -0.2 -0.1 0 01 0.2 0.3 0.4 -04 -0.3 -0.2 -0 0 0.1 0.2 0.3 0.4
-p0 pt  -pl
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