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Advantage: Cost efficient, high density

PFA A Challenges: Light yield, transparency,
massive production.

N
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Advantage: the HCAL absorbers act as part
of the magnet return yoke.

Challenges: thin enough not to affect the jet
resolution (e.g. BMR); stability.

c Jd R

Advantage: better %y reconstruction.

Challenges: minimum number of readout
channels; compatible with PFA calorimeter;
maintain good jet resolution.

Muon+Yoke Si Tracker Si Vertex

A Drift chamber
that is optimized for PID
Advantage: Work at high luminosity Z runs

Challenges: sufficient PID power; thin
enough not to affect the moment resolution.
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« ZGPIDTE: NE R FRRIRAE /dx,
* 5dE/dx#Htt, dN/dxiBEFHIPIDMEE
« dE/dx: BAFEE R, BAES W, HEK
« dN/dx: BHABRERVIRELR, BRSm, HED
. %)’%ﬁ (cluster): HJEFIEE (primary ionization) 48 A9 k4% B B (second ionization)

+ WERMHEBH=-NEHBEAR(Nas) = EEITEE X (Cluster Counting)
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Workflow
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B n%: SAFIEHHEZEGH

FiE (Peak finding) 43 (Clusterization)
« FHA—NSEFI M S « BITAtEHEBIE
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« FE (Peak finding): MK HIRINE B{5SIE

Waveform
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« MZLEM: KEHICIZ (LSTM) &8
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s WHHER: FSEESER (thif, IESEEHA0.2GeV~-20GeV, 5%kEF)
o XK (Recall) = TP/(TP+FN) = 59.5%

« 2t (Precision) = TP/(TP+FP) = 94.3%
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ROC Curve
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« 53 (Clusterization): NFIEKZFEINEBEFIEPIFEIN
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Convolutional Fully-Connected Fully-Connected
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- #UEL (Dataset): FEFXAEFAVKE
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BiKO: 93 (DGCNN)

- EHZMEL (Graph Neural Network, GNN):
s RS MEUER TR ZENXR.
. $1§'J/EPE’\]—ZH%%W%=> (Graph), M HEEIE=>T S (Node), BHEIERNRE=>T

P (Node feature) , EEIFEZ ERXFE=>1 (Edge)
- LR K. B, B2ZH

s MESEEFRBLZMZ (Dynamic Graph CNN, DGCNN):
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BiKO: 93 (DGCNN)
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LSTM Peak Finding
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LSTM Peak Finding + DGCNN Classification
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p=5.0GeV, peak finding result
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p=10.0GeV, peak finding result
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p=15.0GeV, peak finding result
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p=20.0GeV, peak finding result

[ ncls(target)

fit: a = 997.04,
u=17.04

o=4.02
VHlo=1.028

10 20 30 40
ncls
p=20.0GeV,thr=0.610
[ ncls(pred)
fit: a = 996.47,
u=17.06
— o=4.02
VHlo=1.027
10 20 30 40
ncls

p=20.0GeV,thr=0.610

[ ncls(target)
1 ncls(pred)

10 0

20 30 4
N




1000

800

600

400

200

1250

1000

750

500

250

LSTM Peak Finding + DGCNN Classification (thr=0.61)
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LSTM Peak Finding + Time Cut Method
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LSTM Peak Finding + DGCNN Classification (thr=0.61)
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Method | Nmean |0 | 0/Nmean __

Target (MC Truth) 16.53
Classical Method 18.67
CNN Regression 16.04

DGCNN Regression 15.94

DGCNN Classification (thr=0.61) 16.65
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Preliminary DC parameters
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Inner radius
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Induced signal Electronics response Noise Waveform
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. . Cos: [0.0, 1.0, 0.0],
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NoiseType: FFT noise
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Convert peaks in cluster clusterization

How to convert found peaks in clusters?
* Look to the time difference between electrons belonging to different clusters and those to the same

cluster
time distance between different cls time distance of electrons belongings to the same cluster
2 40000 1
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Source: F. Cuna, Cluster counting techniques The beam test and the preliminary results, 2021



https://agenda.infn.it/event/28676/contributions/145389/attachments/87060/116181/RD_FCC_15122021.pdf

£4%43F (Clusterization) &%

A single clusterization algorithm

Py —,, S

Once find the electron peaks, clusterization of the electron peaks into ionization clusters has been implemented:

1) Association of electron peaks consisting in consecutive bins (difference in time == 1 bin) electrons to a single electron in
order to eliminate fake electrons.

2) Contiguous electrons peaks which are compatible with the electrons diffusion time (2.5 ns or 3 bins) must be considered

belonging to the same ionization cluster.

3) Position of the clusters is taken as the position of the last electron in the cluster.

— S e

2 cm drift tube Track angle 45° 2 cm drift tube Track angle 45°

DERIV RTA

' Clusters V Clusters

V Electrons V Electrons

Source; F. Cuna, Particle identification with the cluster counting technigue in the IDEA drift chamber, 2022



https://agenda.infn.it/event/28874/contributions/169554/attachments/94326/129042/cc_ichep_cuna.pdf
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K/m separation power
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K/mt separation power vs P (1m track length)

o
¢ o
o
o
o
o o ° o
o
o
® °
[ o
® o
[
[
® dN/dx truth ®
& dN/dx full simulation
® dE/dx truth
6 8 10 12 14 16 18 20

P GeV/c

Separation power

e, @)

(0 +0k)/2




	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11
	幻灯片 12
	幻灯片 13
	幻灯片 14
	幻灯片 15
	幻灯片 16
	幻灯片 17
	幻灯片 18
	幻灯片 19
	幻灯片 20
	幻灯片 21
	幻灯片 22
	幻灯片 23
	幻灯片 24
	幻灯片 25
	幻灯片 26
	幻灯片 27
	幻灯片 28
	幻灯片 29

