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Short Review

This project explores advanced calorimetry
techniques to enhance energy measurement
precision in particle showers. A hybrid
dual-readout system measures Cherenkov and
scintillation light to separate electromagnetic and
hadronic components. Segmented crystal
calorimeters capture energy at different depths to
determine photon direction. Simulations using
GEANT4 and machine learning improve the
determination of centroids position resolution in
the SCEPCal calorimeter.
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Figure 1: Dual readout calorimeter structure [1:p.17]



Machine learning architecture and complex choice

The CNNs are designed to capture the spatial

data, but without corresponding mapping, there

are two more options for predicting z-positions

of centroids in electromagnetic showers - RNNs

and FNNs. Unlike FNNs, which treat inputs

independently, RNNs capture sequential energy

patterns across calorimeter layers, resulting in

more accurate predictions. This makes them

good for handling complex, non-linear data

from SCEPCal. Recurrent Neural Network  Feedforward Neural Network

Figure 2: The diagram for comparison of RNN
and FNN architectures. [2]




Results: Barrel and Endcap crystal layers
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Results: Timing layers

The timing layer results demonstrate the RNN TL Lg Cluster z-Position 0mm FNN TL Lg Cluster z-Position 0mm RNN
model's superior consistency compared to the ~ =f* e s
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simulator develops, treating all timing layers
simultaneously will further improve model
accuracy.




End of the Beginning: Next phase of the development
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to improve and simplify the neural network's .
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start of an exciting new phase with refined goals

and future innovations in particle detection and Figure 5: The z-positions of centroids according to RNN. On the left hand

machine learning. side, the training and validation data were the same. On the right hand
side, they are different.
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