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Statistical
classification

. Supervised
(with training)

— Unsupervised
(clustering)

Methods

Classifierfunctionis —=
trained

Classifierfunctionis
set (thresholdsetc.)

MCS in LH2 (field-off)

PID approach

eLinearclassifiers *
Fisher's linear discriminant
Logistic regression
Naive Bayes classifier
Perceptron
*Supportvector machines
Leastsquares supportvector machines
*Quadratic classifiers
*Kernel estimation
k-nearestneighbour
*Boosting (meta-algorithm
*Decision trees
Random forests
*Neural networks
.

*methods are mixed and functionalities have been inherited from previous algorithms, or borrowed from neighbouring methods.
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Plan

Extract discriminators

= E-lossin
KL,LEMR,TOFs
= Ckov NPE

Choose the simplest
method

Find possible limitations
move to a more fitting
method


https://en.wikipedia.org/wiki/Linear_classifier
https://en.wikipedia.org/wiki/Fisher%27s_linear_discriminant
https://en.wikipedia.org/wiki/Logistic_regression
https://en.wikipedia.org/wiki/Naive_Bayes_classifier
https://en.wikipedia.org/wiki/Perceptron
https://en.wikipedia.org/wiki/Support_vector_machine
https://en.wikipedia.org/wiki/Least_squares_support_vector_machine
https://en.wikipedia.org/wiki/Quadratic_classifier
https://en.wikipedia.org/wiki/Variable_kernel_density_estimation
https://en.wikipedia.org/wiki/K-nearest_neighbor_algorithm
https://en.wikipedia.org/wiki/Boosting_(meta-algorithm)
https://en.wikipedia.org/wiki/Decision_tree_learning
https://en.wikipedia.org/wiki/Random_forest
https://en.wikipedia.org/wiki/Artificial_neural_networks
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i: event
j: PID
k: feature

MCS in LH2 (field-off)

Generic Linear Classifier

i 7 dEy 1 dEU 1
Feature vector: FY = ( U) + ( —
. dx E dx E]
(input) EMR
Weight vector

e . WK = wgyg + Wk tWror + Wekow
(training derived)

The feature vector is k dimensional (k number of discriminating variables available)
The weight vector is determined from training, where the PID is known, and the w
elements are tuned to maximise discrimination.

A score (S) is formed for each event for each hypothesized PID

Highest score wins

Subclass of linear classification is chosen based on requirements.
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Energy loss

* Electronic energy loss (Bethe equation) predicts E-loss for muons/pions
* Bremsstrahlung dominates electronic E-loss for electrons
* Should work as discriminating quantity

Muons
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* Pb/Sci 1:1 volume ratio

* 7 modules, 3 cells each.

* 2 PMTs per cell.

* Dimensions: 120(x) x 160(y) x 4(z) cm
Xo=9.904 gcm2 or 1.6cm

KL response to selected beam, MC/data

KL charge mu KL charge mu mu
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. charge/% Relationship can be obtained from MC, should be linear
0

Energy loss at KL vs total charge product all_dE_q Energy loss at KL vs total charge product pi_dE_q
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Tracker check in new version 3.3.2

Change in Projected Angle (X}
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Change in Projected Angle (Y)
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