Impact of statistics and
detector characteristics
on data analysis
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- statistics
- efficiency
- resolution

* counting

- pile-up effects

* unfolding

- signal to background ratio
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There are 7 types of
measurements
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There are 7 types of
measurements

M (x,0,A) = X i% (CL=100%)

M(x,a,O)—>x+— (CL=68%)
N

M(X,o,A) > X% (stat) + — A (sys) = X* \/SZ + A (CL~68%)
J_ N 12

M(X,0,0) > x+ \/;, X+ \/X(l_ﬁj Counting, Pile-up  (CL~68%)

M(X,0,A) = g(y) = j f (X)5(x, y)dy Um;(ol)dmg techniques
> T(X



Detector statistcs
Detector Efficiency 2 Binomial distribution

Nl

B(x;n, &) = X!(n;x)!gx(l—g)”‘x
Counts = Poisson distribution '
POX;u)=—¢"
X!
Arrival times = exponential etir)= e Lo
T T

Resolution effects = Gaussian distribution
1 _E(X_,U)z

g 2 o
N2 O

G(X; u,0) =



Some important facts (I)

™~ /
u ,/; ©
/ n
B(x;&,n)P(n; 1) = a0 nl ! (1_8)Hﬁe_ﬂ
y=n-x, e"=e"e"", ph= = )

B(x;&,n) P(N: 1) = (‘g‘;l) o [0 ;)“] e T4 — P(x; gu)P(n—X; (L— &) 1)
Conclusion: a binomial counter with efficiency & that

sees a Poisson source of intensity u, countsina
poissonian way with mean &u



Some important facts (II)

X 1 —t/r (
P(x; 1) = " L et ey e(1,7)=—¢6 H=—
: T T
Frequency domain Time domain
e_,u d—t_=l’dt

T

important: the time distribution remains the same if
the clock starts at any time or if it starts at the
arrival of the last event.



NS NS Statistics

NEYMAN
Theorem (1937)

j_x p(x;Hz)dx:(l_CL), ro p(x;@l)dX=(l_CL),
X . (1-CL :
kz;(kje -0, =1 : ) Z(kjgk(l gy = @ 2CL)
P{' ST }ZCL
o[ x]

P{x—t_,o[X]< < x+t__,,0[x]}>CL



The 95% decision level. ..

Background=5 events
5% area

\

x=10.2 DeCiSion
level

5+1.645+10 =10.2

95% area

Meaning: if we consider the signal as detected, we will be

wrong in 5% of the cases when the signal is absent
8



The 95% CL gaussian upper. limit. .

5% area

prb
95% area

L1=16.7

DY

Observed
value

u+b-10

Ju+2b

x=10

=1.645 = u+b-1.645/u+2b-10=0 2= 1, =12.8

Meaning: this upper limit should give values less than the
observed one in less than 5% of the experiments



Counting experiments

C n—k (1 CL) ( )

of (1-6 X—
5[ a5 p)| [‘L]llgta,z >CL
- n—k (1 CL) § J X J
kz;(kje 1-6,) ;

CL=1-a is the asymptotic probability the interval will contain the true
value

COVERAGE is the probability that the specific experiment does contain
the frue value irrespective of what the true value is

On the infinite ensemble of experiments, for a continuous variable
Coverage and CL tend to coincide

In counting experiments the variables are discrete and CL and Coverage
do not coincide

What is requested is the minimum overcoverage



Counting experiments: Binomial case

t=1, area 84%
Quantile a=0.84
P{lF_plgta}:P< |F_p| Sta . —CL P[lf"p|<1'0]=68%
o[ p] \/p(l— p)
L N
0

t 1s the quantile of the normal distribution

t
LS L fd-1) )
| f—p]| <t - n An? n Wilson interval
\/p(l— p) ST (939
—+1 —+1
n n n

n>> f@d-1) Wald (1950)
- p=f+ ta\/ Standard in Physics



A further improvement:
The continuity correction is equivalent to
The Clopper-Pearson formula

Lo Jt f.a- 1)
w2
a f.+ on . @l2\| g + " x=n, [p,1], p, = (1—-CL)¥r

MJrl ﬁJrl " x=0, [0,p,], p, =1-(1—CL)vn
n N
f, =(x+0.5)/n, f_=(x-0.5)/n,

t ,,gaussian,1-CL=a, t=1is lo

This should become the standard
formula also for physicists
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Elementary example

20 events have been generated and 5 passed the cut
What is the estimation of the efficiency with CL=90%?

Frequentist result: x=5, n=20, CL=90%

i[mgf 1-¢)"*=0.05 ﬂ/\

k=5

X=5

> PDG &1, &2
5 mmmmp  £=[0.104, 0.455)

Z(E] ex(l-¢g,)"™ =0.05

k=0

f(l—f
fita\/ (n ) £ =[0.090, 0.410]



Elementary example

20 events have been generated and 5 passed the cut
What is the estimation of the efficiency with CL=90%?

Frequentist result: x=5, n=20, CL=90%

i[lr(]jglk 1-¢)" " =0.05 ﬂ/\

k=5

X=5
> PDG £y, &>
5 (1 mmmm)> £ =[0.104, 0.455]
Z( ]55(1—52)” =0.05
o\ K
2 2
f++ta/2 taIZ\/talzg + fi(l_ fi)
e—__ 2N | 4n n
tz g tuz 4 £=[0.145, 0.405)

n N



Coverage simulation
x = gRandom — Binomial(p,N) > X
1-CL = o \/
n (”] pk(L— p)r* =a/ 2 T

7N
true value /j measured value

j:c plz; 0h)de = _[_:Cp(;r; 0:)dx = e

where

O€lbh,6), 1—(c1+c)=CL
ps(L—p)"*=al2 S0, 1-(ave)
2 2 MC techniques can be used: grid over ¢ to find

the values ¢, and 6> satisfying these integrals

,\_
I >
o

7~ N\
A S

TMath:: Binomiall(p,N,x)

P, X/n D, x/n

P1 P2

f=k/n
P One expects f~ CL



Simulate many x with a true p and check when the intervals contain
the true value p. Compare this frequency with the stated CL

| Correct frequentist | naif standard_|
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Counting experiments: Poisson case

\

-
| X—p] °
t=1, 84%
P< S ta > Z CL Qucu?\’:ielél a=0.84
/ﬂ P[lf-p|<1' 0']3 6870
\

t 1s the quantile of the normal distribution

t

a

_ 2 2
(X ,U):ta N IL[:X—I-%ita\/X‘l't—a Not used (why?)

Ju 4

re = Standard in Physi
),U—Xi ta\/; andard in Physics
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Counting experiments: new formula for the
Poisson case

X — L L
( ’u):ta—)lu:Xi +ii’[a\/x++—a Xi:XiO'S

Ju 2 C4

Wilson interval with Continuity correction
gives the same results as ..

M2 o, =12 .
<0 X! Exact frequentist

Clopper Pearson (1934) (PDG)

Z’ul et =ql2
k=x X! 21
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(right) marked with the horizontal full line. From top to bottom the coverages of the following intervals are reported:standard of Eq. (11) with CC (full line) and without CC

Fig 1. Coverage of various estimation intervals in the case of Poisson distribution as a function of the true mean value g The curves refer to a CL of 68.27% (left) and 9
(short dashed line); classical frequentist of Eq. (3); unified or likelihood ratio of Eq. (5); Bayesian with uniform prior of Eq. (8); pivotal with CC of Eq. (12).



Accurate at 2% for n>300

n>>1 )EZfita\/f(l_f)

N
naif standard

0.9+

0.85

?wﬁmméwmmméMMM€WMMW€MMﬂ$#

n=20
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Accurate at 2% for n>10
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Accurate at 2% for x>80
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Accurate at 2% for x>0
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("dynamic” efficiency)
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w..from textbooks

Dead time= minimum amount of time between two
pulses so that they are recorded as separate pulses

The efficiency of a system to measure and record pulses depends on the time
taken up by all components of the signal processing. There are two classes of
systems, those that require a fixed recovery time and those that don’t.

Dead Time Models: Fig. 4.7 Knoll, 34 Ed.
a) Paralyzable — detector system 1s L ] = _

affected by the radiation even 1f

the signal 1s not processed. (a | ‘ |
“slow” detector or electronics) i E— 14 A —

Events in detector

b) Nonparalyzable — fixed dead-time L ]
“_| l_[l l_l ]_“ MNonparalyzable

True rate: r or n (in text) ? /
r m (in text)  Dead-time: T

28



. from textbooks

a) Paralyzable (extending) dead time T rt
a count is possible only after a dead time 1-e
from the last arrival ot
I
— ~lrye? Frue r<<1 \ obs I —
robs o rtrue € rtrue 1— t
r ORTEC*® ]
DSPEC jr 2.0
The Latest Digital MCA Innovation. . .
b) Non-Paralyzable dead time 7 \
A count is possible after a dead time ™
from the last count
rom ORTEC
FPGCTIOH dead = RObST /T — robST High-Performance, Digital Siynal
ocessing for Gamma-Ray Spectrymetry
LOSS r‘aTZ = true( ObST) 9 r true ) % rtrue
1-r. 7 robsr
N — robsT —r

true obs —
T-r, T TL
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.. from textbooks

r : D
Dead Time Models:
a) Paralyzable—r, =re " '"
b) Nonparalyzable -r=r__/ (1 - 1 T)
\_ J
Fig. 4.8 Knoll, 34 Ed.
10,000 ,
/ Ideal
. Non-paralyzable .
IDI]S 8000 :’ -"-"_____,_...---""-- -
J: - - -
e ; g
el B Ur rir, =1/e=0.368
: ; r=1/t rlr,,=1/e=0.
=] I ’
U J't 11’
I S
!r '!}‘
Jr -!’
If
2000 1= Paralyzable
0 1 1 | 1 | | 1 | | |
0 10,000 20,000 30,000 40,000 50,000

Interaction Rate
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_ —7l,
| =1,

IOT:Ptd /t| ) IO :e
|

Pt /t,

t
=Inl=Inl,-P-%

{

Relative indicator counting rate

Ip

Extended

I

hon extended

I.i'

-1 Front end p——

ADC

>

Agure 4 Mathematical model of a counting system with a decay-

ing source feeding extendmng (front-end) and non-ex-

tending (ADC) dead times in series.

1.00

0.95

0.90

0.85

.80

Successive-approximation

"'_'I‘-

L |

0.75
0 5,000

10,600 15000 20,000 25000 30000 35000
Integral counting rate, cps
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Beam (frigger)
pile-up Count loss

N

Pile-u
P spectrum

distortion

L~ Observed
True |
-
I :

True and f

‘ Time:

Interaction oo
(detector) S e

plle_up Active
Events on
a detector I I
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An example of a Xilinx Spartan 6 FPGA
programming/evaluation board

time 1st pulse |time, energy
i
remove 1st pulse

observed pulse

27 nylse

"

time, energy
.

time 2nd pulse

Fig. 1. Block diagram of the overall pulse pileup correction algonthm.
Note that number of stages 15 dependent on the expected rate of pileup.
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http://en.wikipedia.org/wiki/Xilinx

Ho to deal with pile-up?

- to measure dead time and live time

- with the Time-To-Count technique, the
detector is armed at the same time a counter is
started. When a strike occurs, the counter is
stopped for a time longer than the supposed dead
time.The rate r is thus measured, not
estimated:<t>=1/r.

- Yo use a pile-up rejection system
- Yo use digital methods in ADC signal processing

34



Unfolding Methods
g=t*o



Folding is a common process in

physics
signal Apparatus  opcepved signal
response
f(x) 5(X,y) g(y)= Jf(X)5(X y) dx

ZJ IJJ
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Convolution is a linear folding

[f )o(y — ) dx

observer
z(y) b
e —
i |
apparatus i V% E ¥
. ; |
hyisi ! —
phyisics ? . | ® (y-x) : g —f*5
f(x) | :
¢




Counts |
180000
160000 _
140000 _

120000 _

1 _'“1-_-!"""“
0 20 40 60 BO 100 120 140 160 180 200 220 240
Channels




Fourier Techniques

f(z) = [ F(t) ™ dt

Convolution:
(@) = [9(y)d(z —y)dy
[F(t)e™ at = [ G(t) v A(t) ™9 gy
/ Ft)e™ " dt = [ G(t) A(t)e*™* dt — F(t) = G(t) A(t)
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original Poisson

statistics

f-+R

Fourier

Gaussian
restored

smearing

g=0*(I+R)

o i) 49 = 0 10 120

Figure 11: Lena restored by FFT: The original image (top

left) is sampled with Poisson statistics (top right) and

smeared with a 2D 10-bins Gaussian PSF (bottom left):

the Fourier restored image (bottom right) is similar to

the Poisson sampled image. In this case the noise term 40
N is neglected.



original

Poisson

statistics

g=f*o+R

2 49 =0

Figure 12: Lena not restored by FFT: In this case the noise
term N is not ignored: the original image (top left) is
smeared with a 2D 10-bins Gaussian PSF (top right)
and the result is sampled with Poisson statistics (bot-
tom left): the Fourier restored image (bottom right)
cannot recover the information lost in the noise. An-
other approach, statistical in nature, is required.

Gaussian
smearing

g=f*o

Fourier
(un)restored
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The problem with fluctuations

.. : ‘al
original ol A o
RERTR
L
: £ . &
0 02 04 068 OB 1
. v . i T ‘lﬂ
Poisson |
o 4. E ol
statistics AL

mm-_J"

04 0B

04

Inverting the response matrix 161

-

m -l

B )

(0}

Lt

o
0

22 04 06 08 1

)

2 04 06 OF

X

Gaussian
smearing

Fourier
(un)restored

Fig. 11.1 [(a) A hypothetical true bistogram a1, (b} the festogram of expectition valuss
p o= Hie (o) the histogram of odwerved cdata n. and (d) the sstimatars g obanined from

wersion of the responce matry.



A reminder.....
(Bayes theorem)

P(ARB)
P(B)

P(ANB)
P(A)

P(A|B) =
.= P(A|B)P(B) = P(B| A)P(A)
P(B|A) =

PBIAP(A)  P(B|AP(A
PB) 3 P(BIAP(A

P(A|B) =

43



1D Unfolding: Bayesian iterative algorithm
Alice, Atlas,(RooFit), PHYSTAT2011

P(mi)zsz(miltj)P(tj) P(ti)zsz(tilmj)P(mj)
t=true, m=measured
P(mj |t)P(t;)

P(ti | m') — c
j Zk P(M, [t)P(t,) resolution

P(m; |t)P™ (t)P(m;)
D P(m[6)PR,)

PED(t)=2_, Pt Im;)P(m;)=72

P(m;)
P (m;) efficiency

i | 44

PYD(t)=2 P(m;[t) PY(t) oG

E




1D Unfolding: Bayesian 1
algorithm > P(m,|t)=1 or
j

+ m; 1 k
ti(k ) :ti(k)Zj P(mj |t|) m(|J<)

J i

Unfolding matrix
1 £
M ij — 6'_ P(mj |t|) m(-k)




Efficiency and resolution

400 | @ | - Ri 400 | (c)
S -
1 -
200 0& F ;
0 ' - ' 0 ' ' - oL L -
0 025 05 075 1 0 025 05 075 1 0 025 05 075 1

Fig 1: [llustration of ingredients for unfoldng: (a) a “true lustogram’ pe, (b) a possible set of efficiencies =, and (c) the observed
histogram n (dashed) and the corresponding expectation values v (solid).
1

ZP(mj |t)=< or
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Bayesian algorithm- starting solution: the data

Gaussian spread & =z 4 channels

| two Gaussians | h1 | folded solution | hfo
Entries 57434 h:
= Mean 7.402 = Entries
- RMS 4475 2500 Mean
36001 < < - RMS
3000 Q_OO 2000
2500 :
- :1 2 1500{
2000F o) . -
15001 1000}
1000 -
- 500(
500 i
D:'I'—l—"|4 |||||||||||||||||| | u__|_|||||| ||||||||||||||||||||| e o — N
-10 -5 0 5 10 15 20 25 -10 -5 0 5 10 15 20 i

Folded with the solution
true

— data

_|_ unfolded —
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Bayesian algorithm- starting solution: uniform

Gaussian spread & =z 4 channels

two Gaussians h1

3500

3000

2500

2000

1500

1000

500

Entries 57434
Mean 7.402
RMS 4,475

|_IIII|IIII|IIII|IIII|IIII|IIII|IIII|III

50 5. 0 5 10 15 20 25

true

—|— unfolded

| folded solution | hfols
h2
2500 Entries 57533
Mean 7.402
RMS 4614

2000

1500

1000

500

I|IIIl II|IIII|IIII|IIII|III

10 5 0 5 10 15 20 25

Folded with the solution

— data
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Why these oscillations?:

The smeared
distributions of two input
distributions cannot be
distinguished if they
agree on a large scale of
—‘ x but differ by

oscillations on a
“microscopic” scale much
smaller than the

spike solution smooth solution exper'imen’ral resolution

HIGLY PROBABLE UNLIKE .
F*A=F*(A+N) if F*N=0

many solutions give a good y?
the spike ones are more probable!

Cure: to add to x* an empirical regularization term C|p|.

or
2 2
X° — ax”+ C[P(true)] to increase the DoF by using
or a parametric model

Y2 = P+ aC[P(true)] P(v | ,u)P(,u)—)P(V | ,L4ls;)



Poisson likelihood fit with penalty regularization

m

InP(m; 1) = In 2 g+
m!

for a single bin i with expectation d;:

InL, =m In g — InZP(m )t —ZP(m )t

for the histogram with penalty term R:

InL = | mIn) P(m, [t))t; - > Pm )t |-
j J

k

Frequently used penalty term

N-1
= Z (2t -t _ti+1)2
i=2



Statistical effects

e background 3 = (5, 52, ...,8x)
vi = 3_ Rijuj + Bi » v= R */l‘f'ﬁ
J

e The number of observed events in the case of ran-
dom processes of detection:




Positron Emission Tomography

1/4'/ \
Positron Emission Tomography

e

7\

Positron Emission Tomography

detector
Ting

detector £1 s

Positron Emission Tomography

detector #2

detector #1 T4




N;j(th) = NP;j(obs) = N Y Pyj(true) P,(obs;j|truey;) (25)

.I'J'jf

We write this equation considering the operator R:

The iterative
é;_@%ﬁ (27) pr'inciple

for £k — oo the series converees if g < 1|.
By applying iteratively (26)

pev1 = Bn+ (1 — BR)ur = Bn+ (1— BR)(Bn+ (1 — BR)pk—1)
Bn+ (1 — BR)n+ (1 — BR)*pr_1
= fn+B(1—BR)n+B(1—BR)*n+ (1 —BR)up—s...

k
= Y 8(1-pR)n.

From (27):

I—(I—,BR)k—I_I 3
= n—+R n=p, for k—o00.
HE+1 BR &) L 53

if [T — BR| < 1




6O
50

40

The
iterative
Principle
without
best fit




pie1 = i+ B[R *n — [R* R* py + o(In e/ pp + I

About 40 iterations, regularized with Maximum entropy

The iterative
algorithm +
best fit +
MaxEnt
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Bayesian

ithm

algor

56

Solution

Observed

Convolution

Residuals




ATHENA apparatus

Antiproton Accumulation +
Mixing with positrons

Na-22
Source
Positron Accumulator =
= et E
] 3 b 4 ]
= Ll
Antiproton Mixing 0 im
Capture Trap  Detector Trap L] I . ; ;
!
T 511 keV Y Mixing frap electrodes
. . = R B
Silicon micro 25 mm | e —
strips , )
7T
B 2
& J5 ¢
Csl - = =
crystals *E -100 Y P S
— 2_125 i antipretons
E 1 ] ] ] ] ] ]
511 keV Y . 0 40 20 0 20 40 60

axial position (mm)



From the ATHENA detector

Pbar-only
(with electrons)

|ﬁi|#|7..| ol
2151-05UU51152

Si sfrip detectors

DISTPIbUTIOH of anmhda’rlon vertices
when antiprotons are mixed with ...

cold positrons hot positrons

n

-h

o

b

ro




Annihilation vertex in the trap x-y plane

Hbar (MC) BCKG _
(HotMixData) Cold Mix data

2

Celd
Nent= 144901

Mean ¥ = -0.0056
Meany = ({237
RMS & = 1,036
RMSY = 1,046

.

>

Pbar vertex XY projection (cm)

x Hbar + (1-x) BCKG ML Fit Result

Fit result|
backg % 43.7 +- 0.4 for -2.5<z<3

Hbar percentage

X =0.65 %= 0.05 ‘




Iteratve best fit
(Bayesian) method

Observed Solution




Conclusions on unfolding

» iterative algorithms are used in
unfolding (ill posed) problems

- sometimes they need a Bayesian
regularization term

* when there are degrees of freedom, one

can use a best fit of a signal+background
function to the data

- to find a reliable error for the solution is
still an open problem



END



Err‘or‘s PHYSTAT2011, ROOFit
(" = 2 Mym,
dt.® oM .
L E—— M + - m. Y
am. M 2y M
t(F) 8’[ (F)
V(tl’ j) ZZ |2

n

Nm(l— N_/ NTot) n=I

V.(m,m_ )=
d( | n) {_ NTot(Nm/NTot)(Nm/NTot) nil
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Counts |
180000 |
160000 _
140000

120000 _

| =
GT—'—FJl!lf M e -

I B |
0 20 40 60 BO 100 120 140 160 180 200 220 240
Channels
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Efficiency calculation: an OPEN PROBLEM!

2 t2 f(A-f
fel ta\/ e (n : Wilson interval (1934)

2n
12 12

—+1 —+1
n n

v gy \/f(l—f) Wald (1950)
S Standard in Physics

Y —
kzx:(kjgl( alrt=e Exact frequentist
Clopper Pearson (1934) (PDG)

X (n
(kjf;g‘ Al-g)*=al2
=0

k



Statistics of counting

Fixed n B(x;n,&) = x'(nni X)ng(l—g)”x U =ne, O':\/ng(l—g)

2
TS I =X [ X[1-2)= 1+ [1ED
E & & n n n n

X

Poissonian n

P(X;ﬂ)=%e_”, O =+ U, ,u:XJ_r\/;
: e(t;7) = 1 et/ _At r= 1 1-e7"
T|mes ’ _z' s T _z' e—t/z'
1
t: = = —, —
t)=0=1 ;



Iterative best fit (residual) method

| S0luton |

T Celd
T Ment = 144901
Tl [ Mean s = -0e0s
m.”\lw_(lmx
RMS ¥ =)1.034
RMS V.= 1,046

(Cotd)

00 The vertex algorithm resolution
function is gaussian with
Cold Mix o =3 mm
The 2D deconvolution reveals 67

two different annihilation modes



Vertical position (cm)

antihydrogen ML pIRST COLD ANTIHYDROGEN PRODUCTION & DETECTION (2002)
M. Amoretti et al., Nature 419 (2002) 456
M. Amoretti et al., Phys. Lett. B 578 (2004) 23

SIGNAL ANALYSIS:

opening angle
xy vertex distribution
radial vertex distribution

Number of events

65 % +/- 10% of

annihilations
are due to antihydrogen

-3 -2 -1 0 1 2 3

Horizontal position (cm) Horizontal position (cm)
, , between 2002 & 2004
c 200 t 200 ofpe
3130_ © Cold positrons 3130_ Pure antihydrogen (MC) mor..e .rhan 2 m'"lons
feo | @ Hot posirons ] antihydrogen atoms

140 I-LI-|-| 7 have been pr'OdUCed
= B ana |

—thi i il -.,r'-” o o b
80+ WW F i : that's about 2 x 10-'* mg

60 or .. 1000 Giga years for a gram

te
. 4
:EMMW#J* A *:f****“**i
0 -1 IJlB IJ|B IJI4 I Ililll; I Illil I ID|2I I IDI4I I IllilliI Iclgli 9.’;)1 0 1 IJlB IJ|B I:I|4I I Ililll;I Il;l I IDIZI I ID|4I I IllilliI IchLB 9Tv)1
80
=4./; —=6.5;, — =8 68

V190 +110 \/19 \/11



The pile-up distributions

/(tf)—— T

At
7
1
<t>=J=T=F,
SR S
e(t;7) = (k 1)|
<t>:k :—, o =JKr =

| k-l |
- - I |
4 r \

LU/ (Rt

T

lot of a pileup streams with 1000kcps from the pukse

ig. 7.
stream generat or routine.
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Statistical Seience

2001, Vol. 18, No. 2, 101-133 Simulate many X with a true D
Intewal Estlmatlon for Cmd C!‘eCk When the |n1'er'va|s
Bi ial P ti contain the true value p. Compare
a binomial Froportion this frequency with the stated CL
Lawrence D. Brown, T. Tony Cai and Anirban DasGupta
Standard Intersal Whilson Intarval

= =p

1 =

21 SRl RN |

E_ E | 1 |

=F =2

-3 =l .

..ﬂngrasti--ﬂcl:ull I-r‘itarval. - - daffr:-ays‘ Er:;uaE-Ta.ilad Ir‘ntE-Ianll -

= =

gq = -

2 | = |

=5 -

5 1 =

= =

-1 8

Frz. 6. Coverage probability for n = 50

CL=0.95, n=50

[AY)



Paralyzable Dead time determination
Meeks and Siegel Am.J.Phys. 76(2008)659

+ With pile-up the time distribution deviates from the

exponential

jtmre‘”dt <tm> in this case

* the property -
([t re‘”dt)ﬂ does not hold

+ If one collects a sample of t; , subtracs a common time T,

discard the differences (t-T)<0 and calculates

D>t -T)"/N

> ¢, -T)/N)

one sees that the property above is satisfied when
T>dead time
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Table I. The moment ratios (#™)/{t)™ for m= 2, 3, and 4 for different delay
times D for a series of 10000 Geiger counter intervals. The statistical un-
certainties in the last row are approximately the same for each number in the
column.

Count rate

D(us) {12/ {t)? (/{1 {7 (t)* (counts/s) N

0 1.87 5.34 19.6 171.7 10 000
100 1.90 342 20.6 174.7 10 000
200 1.93 5.61 21.7 177.9 10 000
300 1.96 5.81 22.9 181.1 10 000
400 2.00 6.02 24.2 184.3 0906
500 2.01 6.07 24.4 185.0 0849
600 2.00 6.06 24.4 184.9 0660
800 2.00 6.05 24.3 184.8 0303

1000 201002 606019 244=+1.7 1852 8975




To fold ...

Initial
param
set

eter

I_"[ gl W) =f=8

[

[

g(y) = [ f(

r)o(y —x)de

folding

|

¥
N
"0 Compare (y?)
| g(X,20) with g(x)
New l YES
Parameter
set [f"*t L) =fi:ﬂ}
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The iterative
algorithm +
best fit +
Tichonov
regularization

60

50

40

a0

20

10

=
|_.._|_|—I_|_I_I_.|_|._I_I

uunw”'

I I
[=] [=] [=] [=] [=] [=]

[1+] =t (4] [=] o [1+] = o4
— — — —

fre1 = pik + Be[R*n — (R* R+ al) = )

&0
&0

40
40

a0
a0

oo

20
20

10
10

roo o Ly 1oy by o 1y 1y sy 1

1
[=] [=] =

%

| | |
[=] [=] [=] [=] m [=] [=]
(7] == € [=] == (2]
- - -

74



Without 3 Wi+t = i+ [n— R *

Ghseres

60

. The iterative
Principle
without
best fit

50

40

10

60
50

40
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pi+1 = pie + B[R xn — (R* R+ al) * ]

The iterative
algorithm +

best fit +
Tichonov
regularization

&0 &0

a0 a0

40 40

30 a0

20 20

10 10
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hobbs

Entries 4093
cecocd Meanx 3234

Meany 326
RMSX 1208

RMSY 1807

The
iterative
Principle
without
best fit +
smoothing
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original

Gaussian
smearing

einstein

150

einstein

Poisson
statistics

Fourier
restored

Figure 13: Einstein restored by FFT: explanation as in

Figure 1.
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original

Poisson
statistics

Figure 14: Einstein not restored by FFT: explanation as in

einstein

£ ¢ 100 150 &

Figure 2.

150 2 <50

Gaussian
smearing

Fourier
(un)restored
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The objective function to be minimized is
—F(p) = -2InL(n|p)—aC(p)+Anr—Xv;) (23)
i
i = Py = o [, fily) dy . .
where a > (. Some regularization terms: Reg.-"ar"za.rlon
e minimum second derivative (Tichonov) 'l'er'ms

Cln) = — [ ()] dy =~ — MZE[ i+ 2ptie1 — pive]”

e minimum variance:

C(p) = —Varlu] =

= - i
e maximum entropy (MaxEnt)

fi |
Clp)=—->pilnpi=—-3 —In—
i P MT pT

® cross-entropy

Ju'i 125
(.“' - — Pi ln — =
) E (i g P[T #T qi

where ¢ = (q1,q2,...,¢,) is the most likely a priori 80
shape for the true distribution ;.



Deterministic algorithms

The objective function to be minimized is

—F(p)=—2InL{n|p)—aC(p)+ Anr — ?L@) (23)

Hi = HtotPj = Hiot j};inj ff(i‘;) dy

where o > (. Some regularization terms:

e minimum second derivative (Tichonov)

. M=2 ,
Cu) = - [1f(w)*dy =~ - 2 [hi o+ 2pin - pival’
i=

e minimum variance:

C(p) = —Var[u] =

Cull? = -3 uf
e maximum entropy (MaxEnt)

Mi | i
Clp)=—2pilnp;=—-3 —In—
i i BT HT

® cross-entropy

bi 24 Hi
Clp) ==Y pln—=-%Y —“1In
) ; qi g Hr M1 i

where g = (q1,q2,...,q,) i8 the most likely a priori
shape for the true distribution ;.
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Image Deconvolution

D(x) = [ dyl(y)d(|z — yl)
In the absence of noise
F(D)
F(6)

where F' is the Fourier transform.

I=F_l[

For a real image I(n,,ns) the Fourier trans-

form is:
Jn'lrz b ]. J-‘I,.:'l i ].

F(klj .Ii’g) _ Z z E'.Zm'.‘.:;ngfﬁ-"g EEﬂiklnlle I(ﬁ’lj ﬂg)

?12:[] ﬂ.IZD
F(ki, ko) = FFTy[FFT[I(ny,n)]]

For the routines see for example Numerical
Recipes
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signal Apparatus  opcerved signal

response
\ X
Z=Yy—X y=27+X

F(x) o(y—X) Q(Y)=;[f(x)5(Y-X)dX
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