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Motivation and Goals

> AHCAL is a sampling calorimeter;

> AHCAL measures the the energy of
hadrons;

> Calorimeter response di�erent for
electromagnetic and hadronic energy
deposition;

> Showers with larger hadronic
component contain more ’invisible
energy’ (�e;�;� , ��, binding energy),
not seen by active layers.

Figure: A comparison of an electromagnetic and
hadronic shower
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Motivation and Goals

> The electromagnetic and hadronic
responses in a non-compensating
calorimeter are not the same (i.e.
e
h 6= 1 )

> Calorimeter response expected to
have Gaussian distribution if;

> full shower containment achieved;
> single incident particle energy

observed
> only one type of particle observed;

Figure: Representation of �� hadronic shower.

>>>> � = fEMe+ (1� fEM )h

> e = eADCcEM (EM Response � Calibration )

> h = hADCcHad (Had. Response � Calibration)

Software compensation means:
attenuating/enhancing response o�ine such that signal /
incident particle energy;
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Motivation and Goals

Goal

> Analyze �� hadronic showers observed with the CALICE
AHCAL in simulation using Principal Component Analysis;

> Use spatial and temporal information in addition to energy
to compensate shower;

> Quantify resolution improvement to ensure linear
response.
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Shower Variable De�nitions

Table of Variables

Symbol Description Unit
Local Co-ordinate

I Horizontal Cell Index Arbitrary Units (0-24)

J Vertical Cell Index Arbitrary Units (0-24)

K Longitudinal Cell Index Arbitrary Units (0-38)

EHit Sum of MIP-Calibrated energies Units of MIP
deposited in a Single Cell

THit Reference-subtracted and Nanosecond (ns)
nanosecond-calibrated time of the hit

Global Co-ordinate
EReco Sum of measured cell energies above Units of MIP

0.5 MIP threshold in shower;
EReco =

PNHits
i=0 EHit;i

N Number of Shower Hits Count
External Co-ordinate

EBeam Known Energy of the GeV
incident particle beam
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Simulations and Datasets: Detailed Simulation

Two distinct simulations of �� hadronic showers in the AHCAL
were used:
1. Detailed Simulation (QGSP_BERT)
> Summary:

> EBeam: 10, 15, 20, 25, 30, 40, 50, 60, 70, 80 GeV
> NTotal: 55,000 �� showers;
> Cuts: Muon/Punch-through Pion (N > 60) (Reduction of 4%)

> No detector simulation applied but smearing e�ects
included:

> THit TDC Channel Smearing of First Hit: 5 ns (Gaussian);
> EHit Light Yield Smearing for noise from low yield cells
EHit=14� Poisson(� = 14)

> Used for
> examining distributions;
> obtaining Maximum # Unique Processes depositing energy

in tile.
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Simulations and Datasets: Full Detector Simulation

Two distinct simulations of �� hadronic showers in the AHCAL
were used:
2. Full Detector Simulation (QGSP_BERT)
> Fully digitized and reconstructed simulation of a hadronic

shower in AHCAL of May 2018 Test-beam.

> Summary:
> EBeam: 10, 15, 20, 25, 30, 40, 50, 60, 70, 80 GeV
> NTotal: 992000 �� showers;
> Cuts: Muon/Punch-through Pion (N > 60) !

Leakage (K0 < KSS � K5) (Reduction of 61%)

> Used for software compensation analysis (i.e. �tting
weights).
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Simulations and Datasets: Detailed Simulation (All Energies, 10-80 GeV)

((a)) I Distribution (Local) ((b)) J Distribution (Local) ((c)) K Distribution (Local)

((d)) EHit Distribution (Local) ((e)) THit Distribution (Local) ((f)) EReco Distribution
(Global)

Figure: Distributions of shower variables for entire ensemble of the detailed simulation.
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Simulations and Datasets: Full Detector Simulation (All Energies, 10-80 GeV)

((a)) I Distribution (Local) ((b)) J Distribution (Local) ((c))K Distribution (Local)

((d)) E Hit Distribution (Local) ((e))THit Distribution (Local) ((f)) E Reco Distribution
(Global)

Figure: Distributions of shower variables for entire ensemble of full detector simulation.
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Principal Component Analysis

De�nition

"A statistical procedure to orthogonally transform a set of
possibly correlated observations into linearly uncorrelated
ones, calledPrincipal Components."
- Paraphrased from Wikipedia
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Principal Component Analysis: I , J , K , EHit , THit Only

((a))Eigenvalues ((b)) Eigenvectors

> Eigenvalues indicate all variables contribute to variance in
shower;

> Eigenvectors indicate I & J develops independently of
EHit observed.
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Principal Component Analysis: Local and Global

((c))Eigenvalues ((d)) Eigenvectors

> Eigenvalues indicate EReco & N dominate in variance in
shower;

> Eigenvectors indicate EReco & N develop independently
of local variables
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Principal Component Analysis: Local and Global

This result suggests:

> Fluctuations of global variables (EReco/NHits ) dominate in
the shower.

> Distributions of local cell variables (I , J , K , EHit , THit )
and global parameters vary independently w.r.t one another
(largely uncorrelated) .

> All local variables carry approximatelyequal variance in
shower.

Can we exploit this observation in software compensation?
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Dimensionality Reduction

> Shower must bebinned;

> Previous analyses use distribution of
hit energy to describe
electromagnetic/hadronic fraction;

> Weight chosen based onwhether or
not observable falls within the bin ;

> Method not easily scalable to to
additional observables .

> Example: 5 variables� 8 bins � 3
subweights = 120 weights (!!!)

Figure: Hit energy spectrum split into bins containing
one-eighth of the distribution
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Dimensionality Reduction

Distribution of 1st & 2nd Principal
Components chosen for analysis
because it:

> is continuous ;

> contained most variance out
of local observables;

> uses all local variables;

> has similar PCs in local and
global (7-D)case.

Goal

Bin distribution based EM/Hadronic content

without bias to observables.

Figure: Joint distribution of1st & 2nd PCs (PC0 - PC1,
5D)

Figure: Joint distribution of2nd & 3rd PCs (PC0 - PC1,
7D)
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Bin Extraction

Figure: Empirical summary of results of analysis.
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Dimensionality Reduction

((a))Full shower ((b)) Region 1

((c))Region 2 ((d)) Region 3

Figure: Event displays of the extracted regions (80 GeV� � , Detector Sim).
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Fitting Procedure

> Weights calculated using2nd

Order Chebyshev Polynomial;

> Beam Energieschosen in10-80
GeV range for �tting;

> Asymmetric 2-Stage Gaussian
�t applied:

> Stage 1, Gaus Fit -
hxi � 2� RMS ;

> Stage 2, Gaus Fit -�xGaus; 1 �
1:5� Gaus; 1 + 2 :0� Gaus; 1

> Same-size sample used per
sample beam energy (36106
Events)

! b(x i ) = ab + bb
x i

S
+ cb(2(

x i

S
)2 + 1)

(1)

> x �! observable;

> i; b �! index of hit, bin;

> ! i;b (x ) �! software compensation weight;

> S �! scaling factor;

> ab , bb , cb �! weight parameters at binb;

� 2 =
N EventX

i =0

(
P N

j =0 E 0
j � EBeam )2

NEvent EBeam
(2)

> i ,j �! index of event, hit;

> E 0
j �! weighted hit energy atj ;

> N Event �! number of events in sample;

> E Beam �! known beam energy
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Fitting Procedure

MeasureEHit

Choose bin

WeightEHit

E 0
Hit = ! b (E Reco )E Hit

Sum overE 0
Hit

E 0
Reco =

P N
i =0 E 0

Hit

Measure
�! v = ( I; J; K::: )

Project
�! p = ( P C 0; P C 1::: )

Choose bin

Weight vector

p0
i = ! b (pi )pi

Project back
Sum overE 0

Hit

E 0
Reco =

P N
i =0 E 0

Hit
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Fitting Procedure
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� 2 Results

Method # Vars # Bins ab, bb, cb # Params � 2

Standard 1 8 3 24 7.23
PCA (Local) 5 3 3 45 6.93

PCA (Local & Global) 7 3 3 63 (!!) 6.94

Table: Table of dimensions and� 2 using di�erent SC methods.

Reminder:! b(x i ) = ab + bb
x i
S + cb(2( x i

S )2 + 1) has 3 free
parameters per bin.
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Linearity Results

Linearity was observed:

> to within � 5% in simulation using all methods;
> to within � 6% in data using all methods (from 20 to 80 GeV);
> degrades with increasing energy in data for all methods;
> Note: THit not reprocessed in data, allTHit data values set to mean of detailed

simulation (z = 0 )
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Software Compensation Results

Purely local PCA software compensation was found to:

> be possible;
> be better than Standard LSC methodfor energies > 35 GeV;
> be able to compensate very high energy showers (> 80 GeV)
> Note: THit not reprocessed in data, allTHitdata values set to mean of

detailedsimulation (z= 0)
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Conclusions

> The distributions of local observables are largely invariant
w.r.t total reconstructed energy (EReco)

> Pure local compensation performs , with respect to the
standard method:

> worse at energies below 30-40 GeV and;
> better at energies above 30-40 GeV

> The local method may be extrapolatedbeyond the
'training' range in data;

> Addition of global shower parametersuseful at low
energies, appears to reduce compensation capacity at
high energy;

Jack Rolphj UHH j October 2, 2019 j Page 29



Conclusions

> Using global variables (i.e.EReco ) appears towin out at low energy.

> Using local variables (i.e.I , J , K ) appears towin out at high energy.

> Likely due tohigh # local statistics and lower intrinsic energy resolution at higher
energy and vice versa;
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Simulations and Datasets: Detailed Simulation

Figure: Normalized distribution of the proportion of energy contributed to each cell by process.
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Principal Component Analysis

Procedure

> Normalize data to source distribution usingStandard Score:

Z i = X i � E [X i ]
� (X i )

X �! Random Variable
Z �! Standard Score

E [X ] �! Expected value ofX
� x �! Std. deviation

> Calculate Co-variance matrix :

� ij = E[Z i Z j ] � �! Covariance Matrix

> Eigendecompose co-variance matrix to obtain
eigenvalues/eigenvectors:

E T � E = D

E �! Eigenvector Matrix
D �! Diagonal Eigenvalue Matrix

� �! Covariance Matrix
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Simulations and Datasets: PCA 5D, Detector Simulation

((a))P C0 Distribution ((b))P C1 Distribution ((c))P C2 Distribution

((d))P C3 Distribution ((e))P C4 Distribution

Figure: Distributions of Principal Components for Detailed simulation.
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Simulations and Datasets: Detector Simulation

((a)) P C0 Distribution ((b)) P C1 Distribution ((c)) P C2 Distribution

((d)) P C3 Distribution ((e)) P C4 Distribution

Figure: Distributions of Principal Components for Detailed simulation.
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Backup: Maximum Unique # Processes

> For classifying ’regions of interest’, classi�cation variable
should:

> be discrete (i.e. clearly de�ned regions);

> not be a function of observables to remain unbiased;

> vary over a small number of possible values;

> strongly correlate with expectations of EM/Hadronic
subdistributions.

> Detailed simulation allowed Maximum Unique Number (#)
Processes to be calculated.

> Observable ful�lled all classi�cation conditions.
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Backup: Maximum Unique # Processes

Figure: Principle of maximum # of processes hypothesis.
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