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Energy Fluence

It is the energy deposit per unit area in terms of radio waves. The total fluence at a given antenna position is the
time integral of the Poynting vector:
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sara.martinelli@kit.edu Energy Fluence & Noise Subtraction Method

We need a method to estimate the energy fluence in the presence of noise.

The noise subtraction method is largely used within the radio community:
- works well for large signal-to-noise ratio (SNR)
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saramartinelli@kit.edu Energy Fluence & Noise Subtraction Method

We need a method to estimate the energy fluence in the presence of noise.

The noise subtraction method is largely used within the radio community:
- works well for large signal-to-noise ratio (SNR)
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saramartinelli@kit.edu Energy Fluence & Noise Subtraction Method

We need a method to estimate the energy fluence in the presence of noise.

The noise subtraction method is largely used within the radio community:
- works well for large signal-to-noise ratio (SNR)
- an SNR threshold cut is usually imposed
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SNR Definition
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sara.martinelli@kit.edu Noise Subtraction Method

pol. Definition of the signal window ]

Algorithm to find the maximum AfE"|1ax
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sara.martinelli@kit.edu Noise Subtraction Method

pol. Definition of the signal window ] Frol(F) = €0 At< Z EZ\(F, >
ti=t1
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pol.
Definition of the noise window ]
<« >
i\ 1001 Signal Window I
= O Noise Window
r — 100

1000 2000 3000 4000 5000 6000 7000 8000

Time [ns]



sara.martinelli@kit.edu

Noise Subtraction Method

pol.
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Noise Subtraction Method

pol.

% Fluence estimator & uncertainty ]

Underestimated
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It assumes the measured amplitude is the sum of
the pulse and the noise (Gaussian- distributed)
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Noise Subtraction Method

pol. Definition of the signal window
\
Definition of the noise window

\

Fluence estimator & uncertainty

3
Feot(P) = foor(7)

pol

Error propagation
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pol. Definition of the signal window
\
Definition of the noise window /IH summary: \

\ - Biased at low SNR values (SNR cut)
Fluence estimator & uncertainty

- Uncertainties underestimated
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sara.martinelli@kit.edu Rice Distribution

Radio measurements have both an amplitude and a phase

* The signal and the random noise can add up
constructively or destructively.

Reference: Chapter 2.9 from J. W. Goodman, Statistical Optics (2015)
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sara.martinelli@kit.edu Rice Distribution

Radio measurements have both an amplitude and a phase

* The signal and the random noise can add up
constructively or destructively.

* Our measurement can be expressed as the sum
of constant known phasor s and a random
phasor sum (Rayleigh-distributed noise).

Reference: Chapter 2.9 from J. W. Goodman, Statistical Optics (2015)
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Rice Distribution

Radio measurements have both an amplitude and a phase

* The signal and the random noise can add up
constructively or destructively.

* Our measurement can be expressed as the sum
of constant known phasor s and a random
phasor sum (Rayleigh-distributed noise).

* The marginal P.D.F. of the measured
amplitude is the Rice distribution.

4 . ex (—““)-I sy a >0
patalso)={ 7 P\ o)
0 otherwise

The formalism is valid for both time and frequency domains

Reference: Chapter 2.9 from J. W. Goodman, Statistical Optics (2015)
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Rice Distribution

a ~ Rice(s, o)
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Rice Distribution

No signal

.'> Large signal

a ~ Rice(s,o)
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Rice Distribution

pol.

Rice-distribution
Based Method

ftot Z fpol

pol

Error propagation

We developed a method:

- using the statistical background based on the Rice
distribution to build a fluence estimator
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- evaluating the fluence in the frequency domain:

fpol(7) = €g c At Z Epol ) = 2606— Z |Dpor(v;)|?

(Parseval’s Theorem)
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Rice Distribution

pol.

pol.
Rice-distribution
Based Method
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pol. Definition of the signal and noise windows ]

Tukey window function
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Rice-distribution Based Method

pol.

—{ Signal window: Tukey function and FFT ]

Tukey window function
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Rice-distribution Based Method

pol.
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Rice-distribution Based Method

pol.

M frequencies
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Rice-distribution Based Method

pol.

j-th frequency

fo = a? measured
—[ Signal window: Tukey function and FFT ]
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Rice-distribution Based Method

pol.

E [V /m]

1001

1

—[ Noise windows: Tukey function, FFT ]

—100;

UVAVANA®

3400 35

00

3600
Time [ns]

3700

3300

!

n.0ee® |° ©e%eaee
30 50 30
Freq [MHz|

o

26



sara.martinelli@kit.edu

Rice-distribution Based Method

pol.

[ Noise windows: Tukey function and FFT ]
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Rice-distribution Based Method

pol j-th frequency
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Rice-distribution Based Method

pol.

[
\

Estimator and uncertainty ] M times!

] 1°

> 2.5 d *.

= | eoq _

o o a @ ©C
0.020= | 9@

30 59 30
Freq [MHz|

M frequencies!

fo=Y_ fslv))
j=0
A Mil A
Var(fs) = Var(fs(l/]})
7=0
2.5 i
N times PN
0.000® © ©9%cclee

30 50 80
Freq [MHz| -



sara.martinelli@kit.edu

Rice-distribution Based Method

pol. Definition of the signal and noise windows

Signal window: Tukey function and FFT

Noise windows: Tukey function and FFT

Estimator and uncertainty

3
Feot(P) = fror(7)

pol

Error propagation
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Simulated Data Set

e 8000 proton/iron/nitrogen/helium
Simulations CORSIKA/CoREAS simulations
* Energy - 10'®*to 10*!'eV
e Zenith — 65 to 85 deg
* Detector simulation (antenna
response unfolded back)

The Radio Detector of Auger is used for practical reasons
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Simulated Data Set

Simulations

Background traces recorded over
one year at the Auger site

Noise
Library
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Simulated Data Set

Simulations Simulated
Measurements
| Noise
Bl Library
2 —» Rice method
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Simulated Data Set

Simulations

Rice method

Noise subtraction method

N

47

REFERENCE VALUES vs RECONSTRUCTION

47

Rice method

Noise subtraction method

Quality cut: stations affected by thinning artifacts (above 2 Cherenkov radii)
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sara.martinelli@kit.edu Comparison of the Methods

[ Noise Subtraction Method ] [ Rice-distribution Based Method ]
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On average the Rice-based method is unbiased even at small SNR

Hilb
Ato‘t ‘max

1/) = ;Ezg;% Bias = TZ —1 SNRM=(W) 35




Comparison of the Methods
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[ Noise Subtraction Method ] [ Rice-distribution Based Method ]
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Comparison of the Methods

Errors
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sara.martinelli@kit.edu Comparison of the Methods

[ Noise Subtraction Method ] [ Rice-distribution Based Method ]
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The noise subtraction method underestimates the uncertainties at any SNR.
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sara.martinelli@kit.edu Conclusions & Outlooks

* The fluence estimation based on the Rice distribution shows a smaller bias than the noise
subtraction method for small SNR values (on average less than 10%)

* At larger SNR values, the bias of both methods is comparable (on average less than 5%)

* The Rice-distribution method correctly estimate the uncertainties at any SNR (coverage
about 68%)

* Paper soon ready for journal submission
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SNR Definition

1. Definition of the trace: AMP (7 ¢) = \J
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SNR Definition
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1. Definition of the trace: A{i>(7t) = \JZ |Epol® (7 1)

pol

2. Algorithm to find the maximum of the trace: A{L{"|max

Hilb
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SNR Definition
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1. Definition of the trace: A{i>(7t) = \JZ |Epol® (7 1)

pol

2. Algorithm to find the maximum of the trace: A{L{"|max

to 2
. . . . 1 T
3. Noise level evaluated in the noise window (RMS): Af* = J >N (A{ifﬁ"(’f‘a f;))
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SNR Definition
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1. Definition of the trace: A{i>(7t) = \JZ | EII){;{I) )

pol

2. Algorithm to find the maximum of the trace: A{L{"|max

to 2
. . . . 1 T
3. Noise level evaluated in the noise window (RMS): Af* = J >N (A{ifﬁ"(’f‘a f;))

LJ:L_]_

.« ae L AHilb) 2
4. Definition of the SNR over all the polarisation: SNR.: = (7;2; [\|1q )

tot

(similar definition at polarisation level)
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Rice-distribution Based Method: Derivation

Signal + Noise

|—)[Slgnal Window}
E-field Time
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N Noise
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M frequencies \
Measured

Signal + Noise

\

Filt
[Signal Window]—é:'>J
M-—1 M-—1
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[pol. ] [E- e dTlme] j=0 j=0
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sara.martinelli@kit.edu Rice-distribution Based Method: Derivation

Signal + Noise / M frequencies \
. . Filter
|—)[Slgnal Wlndow]—®— Measured Unknown

M—1 M—1 M-1 M-1
fa=K ) d*w) =) fuv) fs=K Z s (vj) = fs(vj)
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Rice-distribution Based Method: Derivation

Signal + Noise j-th frequency
. . Filter
|—) Signal Window Measured Unknown

; 2
Ja = a’ Js=s
- i a ~ Rice(s,o
[pOl. ][EﬁgldTlme] ( 5 )
race

- Fixing K=1 for simplicity Estimator?
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Signal + Noise j-th frequency
. . Filter
Signal Window Measured Unknown

; 2 2
fa=a fs=s
ol E-field Time a ~ Rice(s,o)
pol. Trace
. Estimator?

= ® ;
=25 | ® fs o a?
e @ 1
= Olo b A
= 00000 ©Clee 2 o
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Signal + Noise j-th frequency
. . Filter
Signal Window Measured Unknown

¢ 2 2
fa=a fe=s
E-field Time a ~ Rice(s,o)
[ pOl' ] [ Trace ]
T Estimator?

- ® A
= 25 | @ fs oC QQ
=z e ol
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2
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Derivation:

b=a/o Change of variable

o Noise at bin level
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sara.martinelli@kit.edu Rice-distribution Based Method: Derivation

Signal + Noise j-th frequency
. . Filter
|—) Signal Window Measured Unknown

Ja = a’ Js = s°
E-field Time a ~ Rice(s,o
[pOl' ] [ Trace ] ( J )
T | Estimator?
— |@ X
Zo5 | e fs o a?
E C © O )
= 000@® | °% e

.0 . 2
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Derivation:

b = (1-/0 Change of variable — b~ R'j(je(s/(j, 1) — ch(DF =2, A= S/o‘)
g Noise at bin level Degrees of Freedom Non-centrality
parameter
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sara.martinelli@kit.edu Rice-distribution Based Method: Derivation

Signal + Noise j-th frequency
_ _ Filter
|—) Signal Window Measured Unknown

fa =a’ Js = 5
[ pol ] [E-ﬁeld Time] a ~ Rice(s,o)
’ Trace
T Estimator?
] ® '
=25 o ° | fs o a®
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= 00009 | ® lee 2 o
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b=alo Change of variable > b2 ~ Xne(DF = 2, \ = s?/0?)
. : 2 2
o Noise at bin level E(b°) =2+ (s/o) Expected value

Var(b’) =2 (2+2(s/0)?)  Variance
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Rice-distribution Based Method: Derivation

Signal + Noise

E-field Time
[ pOl‘ ] [ Trace ]

Derivation:

E(b?) =2 + (s/0)?

Var(b®) =2 (2+2(s/0)?)

fa:a2

a ~ Rice(s,o)

/ j-th frequency \
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Var (fa) =Var(a®) = ¢* Var(b*)  Variance
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/ j-th frequency \

Unknown
f s = 5
[ pol. ] [ E-field Time ] Estimator?
Trace

E(f) — 202 4 &2

Var (fa) = 40° (02 + 252)

N M
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sara.martinelli@kit.edu Rice-distribution Based Method: Derivation

/ j-th frequency \

Measured

n; ~ Rayleigh(o)
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sara.martinelli@kit.edu Rice-distribution Based Method: Derivation

/ j-th frequency \

Measured

n; ~ Rayleigh(o)
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sara.martinelli@kit.edu Rice-distribution Based Method: Derivation

/ j-th frequency \

Measured

n; ~ Rayleigh(o)

E-field Ti 1=
-fie ime r 2
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Derivation:
i-th window:
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Change of variable
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/ j-th frequency \

Measured

n; ~ Rayleigh(o)
ol |[ E-field Time A it
poL. Trace [ @ ] fn_ﬁ n;
i=0
N Noise <> Filte
Windows ? o

Noise LTJ'O'0,0QO EO OODOCOQ:

30 55 80 2g% 7
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N times

11V /m]

Derivation:

i-th window:

Definition of a new variable over the windows:

n; ~ Rayleigh(o)
N-1

Change of variable —> T = Z (ni/o)* ~ x*(DF =2-N) ~N(u=2N,SD = 2VN)
1=0

(ni/o)* ~ x*(DF = 2) normally distributed (N large)
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/ j-th frequency \

Measured

n; ~ Rayleigh(o)

E-field Ti 1=
-fie ime o 2
[pOL ] [ Trace ] e : : T fo= N < n;

1=0
g
N Noise Filte = 2.5 () N times
Windows = ° o
Noise : m'OOOOO i - DOCM

' ' 30 55, 80 952 7
<> N \ Freq [MH] /

Derivation:

normally distributed

N-1
_ N2 _ _ ) 2
. T = Zo(nz/a) N(u=2N,SD =2VN) fn:%TNN(H:%z’SD:%z/m)
An _ 4 1= >
N ; Unbiased estimator of 20° := f,

Sample standard deviation can be neglected
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Rice-distribution Based Method: Derivation

Signal + Noise

. . Filter /
|—)[Slgna1 Wlndow]—®_

E-field Time
[pOI' ][ Trace ] e @ ]
N Noise <> Filte
Windows
Noise
N-th \

i ~ Rayleigh(o)

j-th frequency

~

Measured Unknown
2
a ~ Rice(s, o) fs=s
fu=a -
a — Estimator?

E(f) — 202 4 2

) N—1 Var (fa) = 40° (02 + 252)
fn - nZZ

=0 B(fu)=20%:= /. /

1
N

Derivation:
fs — fa - fn
5(7) =5 (1) ~B(2) =~ .
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Rice-distribution Based Method: Derivation

. . Filter
|—)[Slgna1 Wlndow]—®_

Signal + Noise

E-field Time
[ pOl' ] [ Trace

|

Derivation:

N Noise
Windows

Noise

-

Filte

/ j-th frequency \

Measured Unknown
2
a ~ Rice(s,o) fs=s
;L .2 .
a — Estimator?

E(f.) =20+ s
n; ~ Rayleigh(o) (f ) 7

<

N-th

fs — fa - fn
(1) B () - (£) -+~ 1

— F) — 202 2
) N 1n2 Var(fa) 4o (a +25)

1
fn_N 7

\\\ =3 E(ﬁ)=20“:ﬁl///

Physical . . . .
M fs_ fa,._:fn 1ffa2fn
0if fo < fa
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Rice-distribution Based Method: Derivation

Signal + Noise

. . Filter
|—)[Slgna1 Wll’ldOW]_@_

E-field Time
[ pOl' ] [ Trace ]
N Noise
Windows

Noise

Derivation:

<

r fa_fniffazfn

=0t f, < £,

Var(f,) = Var (fa,) =40% (0 +25%)

N-th

Filte

-

o

a ~ Rice(s,o)

n; ~ Rayleigh(o)

Ju

Measured

fa:a2

N-1

1
N <
1=0

2
n;

j-th frequency

Unknown

fs:52

Estimator?

E(f) — 202 4 2

Var (fa) = 40° (02 - 252)

s /

E(fn) — 242

~
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Rice-distribution Based Method: Derivation

Signal + Noise

. . Filter
|—)[Slgna1 Wll’ldOW]_@_

E-field Time
[ pOl‘ ] [ Trace ]
N Noise
Windows

Noise

Derivation:

<

r fa_fniffazfn

=0t f, < £,

Var(fs) = 407 (0% +25%)

N-th

Filte

/ j-th frequency \

Measured Unknown
2
a ~ Rice(s,o) Js=s
fu=a -
a — Estimator?

E(f.) =20+
n; ~ Rayleigh(o) (f ) 7

— F) — 202 2
N—1 , Var(fa) 4o (a +25)

1
fn:N n;

\\\ =3 E(ﬁ)=20”:ﬁ1///

~ ~

A > Var(f) ~ o (fa+ 4 )
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Rice-distribution Based Method: Derivation

~

Signal + Noise

. . Filter /
[Slgnal Wlndow]—®_

j-th frequency

Measured

Estimator &

. Uncertaint
a ~ Rice(s,o) Y

~

E-field Time
[ pOl' ] [ Trace

-

fa:a2

f‘: fa_fniffazfn
° 0if f, < fn
n; ~ Rayleigh(o)

N Noise Filte
. N-—1
Windows ~

fn:% 7%2 5fS:\/fn(fn+4fs)

1=0
N-th

Noise

g ® g |
- | o ~9r i
?;,; 2.9 c ol | 3 2.5 e . Nt]érnes
m 0ee® % e @ poee® |© doPedee
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Rice-distribution Based Method: Derivation

E-field Time
[ pOl' ] [ Trace ]

Signal + Noise M Frequencies
Filter
[Signal Window FFT - l?' M-th
fs(”.?) || ||
N Noise Q Filter
Windows
Noise :
N-th
— C | | =
a5l | =
Z ¢ o, 3
= 5 e _o =
[ 00209 __%lee -
30 2D 30

M-1
Signal fs = Z fS(V])
Fluence J=0
Estimator &
R M-—1
Uncertainty Var(f) = Y Var(fu(v))
7=0
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0.000@ [© ©0®0g00qd
30 55 80
Freq [MHZ]
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Rice-distribution Based Method: Derivation

Signal + Noise

M Frequencies

Filt
[Signal Window]—@ — i | -
I Signal
. Fluence
E-field Time fs(v)) .
[ pOl. ] [ Trace ] — — Var(f. (w_,])_ — Estimator &
Uncertainty

N Noise Q Filter
Windows

Noise

N-th

= (® | = |
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= . o ] ] e
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Rice-distribution Based Method: Intrinsic Bias & Coverage

Toy Monte Carlo (using the Rice P.D.F. and the estimator derived)
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?,L‘:E/fs—lz

N, 1
_ — (fsz fS)
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1000]
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foif fo> fa

R=112 | /' R=3.12 R=8.0
fi 2 |f¥ |f
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= %b |
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Noise Subtraction Method: Derivation

Reference: C. Glaser’s PhD thesis

5.5.2 Uncertainty of the energy fluence

We estimate the uncertainty of the energy fluence by assuming that the measured electric-field ampli-
tude A(t) is the sum of the cosmic-ray radio pulse S(t) and noise e(¢). Furthermore, we assume that
the noise e(t) is Gaussian distributed with mean g = 0 and standard deviation ¢ = o.. The energy
fluence of A is then given by the equation

FA) = et Y A(t:)? = et Y [S() + e

t1

= gpc Afz

T4 25(t)e(t:) + e(t:)?]

(5.16)
and the expectation value of f(A) is
ta
(f(A)) =eocAt Y. A(t:)? —fmmz )% + 2(S(ti)e(t:)) + (e(t:) )]
t1
—anAfE 2+ Var(S(t:)) +2(S(t:)) (elt)
=0 =0
(5.17)

+ 2000(S(t:), e(t) + e(t:))? + Var(e(t;))
—_— Y

=0 =0 a2

ta
:e{)r.‘.AfZ [’S(fﬁ)z + o’f] :
1
Hence, the best estimate of the energy fluence of the radio signal S is indeed
ta
f(8) = eocAt Y [A(t;)* — o] (5.18)
as defined in Eq. (5.8) where o7 is also calculated from the electric-field trace in a part where no signal

is present. Following a similar calculation we can estimate the uncertainty of f(S) by computing

rrf =Var(f) = (f?) — (2. After several lines of calculation it follows that

:’J’f—-lfF{)(Aft'J' +2(F{)() (fg—f]_)Af:'J' (5.19)
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