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 The time of arrival of a signalis crucially important in applications where timing precision is one of the top priorities:
= Particle tracking
= Time of Flight measurements

|
Because different

The electrical signals produced by a detector can have different amplitudes €—— . .4 energies

Different amplitudes can lead to time of arrival error

Error in the time of arrival

depending on the sienal No error if the threshold
P . g. g : <€——  dinamically changes with
amplitude if you use a fixed

threshold the signal amplitude

* Constant Fraction Discriminator: electronic circuit used in precision timing applications to overcome this issue
* |ts main purpose is to determine precisely the time of arrival of a signhal, independently of the input signal's
amplitude.
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CFD electronic circuit
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- _A- —[:%}r—* _ Vielay = A - f(t — tg)
Vi, =A-f(t) — ," '\ - /

ide

Add —i;—-
€ _Vinvatt = aA - f(t)

— -1<a<0
Y

Inverse

ﬂ
A

#ero crossing

/ peint

Vout — [f(t _ td) _ O(f(t)]

Independentely on the signal amplitude, signals that arrive at the same moment cross the zero point (V = 0) at the same time.
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1. Simulations with many different source signals

= They are assumed to have the same shape T2 Vclean

= Random delays and amplitudes e O = T R12

= Addition of white noise LA 8 >

. . . . 3
[ ] . . Tau= 25
Vi, is fed into the CFD circuit param fTau= 2o 8
.param myRand=1*mc(0.5,1)
t t param myDelay=0.8u*mc(0.5,1)
_ —_ -param noiseAmp=50m
Vsource — A . l( 1 —e ’[r) _ (1 —e ‘[f)] .param randomNoiseFact=5*mc(0.5,1) Vin

. . . . B1 B2
2. Signalinversion and attenuation +
3 . S i gn a '. d e lay 1 V=myRand* ( (1 -exp(—(time)l{_Tau} )) - (1 - exp(-(time) /{fTau}))) V={noiseAmp }*white(randomNoiseFact*time*500Meg)+V(Vclean)
4. Signal summation %
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CFD simulation with LTSpice

1. Simulations with
= They are assumed to have the same shape
= Random delays and amplitudes
= Addition of white noise
= Vi, isfedinto the CFD circuit

Veource = A - l(1 - e‘T_tr) — (1 - e_%)]

2. Signal
3. Signal
4. Signal
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CFD simulation with LTSpice

1. Simulations with many different source signals
= They are assumed to have the same shape
= Random delays and amplitudes
= Addition of white noise
= Vi, isfedinto the CFD circuit

Veource = A - l(1 - e‘T_tr) — (1 - e_%)]

2. Signalinversion and attenuation
3. Signal delay
4. Signal summation
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V(vout2)

10 iterations —m>

0.1us 0.2us 0.3us 0.4us 0.5us 0.6us 0.7us
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Time of arrival with CFD
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Interpolation of data to find the
0 cross point

| probably should have tried to
denoise the waveforms a little
bit but no time left.

Time le—6
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* Reconstruction of the original waveform from a noisy one
* Adenoising autoencoder: a convolutional neural network to clean signals.
* |t hastwo parts, like a smart filter:
Encoder: Compresses the noisy signal, focusing on the true patterns.
Decoder: Rebuilds a clean signal from that compressed information.
* How it learns: We train it with pairs of noisy and clean signals, teaching it to remove the noise.

Waveform Reconstruction

Noisy Input
Clean Target
0.4 1 == = Reconstruction
Stillsome work to do... 034
e 3
Time is limited, I’'m 2
currently working at the g 0.2 1
restaurant
0.1
0.0 1 T —— 1': L =|[
O.IO 0.|2 0.|4 0:6 O.IB l.IO

Time
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Denoised Waveform

0.35 -
- Noisy Input
0.30 - 'J"!\_ -—- Denoised Output
* New noisy waveforms generated via 05 | (%
LTpice and fed into the machine 4 020 1.
learning model %ms- W
* Denoised output which is then used 0101 T
to find the time of arrival 0] .’ T
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CFD with the machine learning denoised signals

Summed Waveform

Waveform 0 with Zero Crossing After Peak
0.15 4 : —— Interpolated Waveform 034 — Inverted and scaled
| ——- Zero Crossing After Peak : -- Delayed by 50 ns
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Comparison between the two CNFN
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Well, it’'s 14:09, never mind

I’m sorry to disappoint you
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