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Introduction
TileCal working principle, geometry, and 

degradation. 
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Introduction
The hadronic TileCal Calorimeter is one of the sub-detectors of ATLAS and contributes to 
the measurement of jets, missing energy and in the trigger decision [1, 2].



Geometry

The detector consists of 64 modules (left 
image). The detector’s readout unit is one cell: 
A, B, D (right image).



“The objective is to model the degradation of the TileCal scintillators 
and optical fibres with Machine Learning regression to investigate 
the dependencies on the specific detector design parameters and 
run conditions.”



Model 
Training

Tuning the hyperparameters and training the 
model
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Selecting and clearing the data



Selecting and clearing the data



Selecting and clearing the data



Scale the data

The activation function, namely the sigmoid, react better if the input data is 
normalized between -1 and 1. 

Normalization ensures that the magnitude of the values that a feature assumes 
are approximately the same, and consequently the weights of the inputs.



DNN creation



DNN creation



DNN creation



DNN creation



Fitting the model



Fitting the model



Fitting the model



Choosing the model
Tests done:
● 0 to 5 layers 
● 1 to 101 neurons

○ First layer fixed on 50 neurons and 
others changing;

○ All layers changing simultaneously.



Choosing the model:



Tuning the Hyperparameters

The hyperparameters that correspond to a better performance of the model are:
● Four hidden layers;
● Seventy nodes for each layer.

Learning rate
The learning rate is the factor that controls the learning speed. The optimized value is 
0,0001.

Activation Functions
For the input and hidden layers we use the ReLu function, and for the output layer we 
use the sigmoid function.

Normalization
StandardScale Function.

Metric
Mean Absolute Error.



Model Prediction and Real 
Measurement

Mean Standard 
Deviation

Predicted 
values of 
lightyiedl

0.991219 0.017363

Measured 
values of 
lightyield

0.995287 0.012725



Loss Function



Model 
Dependence

Investigation on the geometry parameters 
model dependence
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Correlation Matrix









Lightyield depence on fibre size

Cell A2

Cell A16



Lightyield depence on the number of fibres

Cell A2

Cell A16



Lightyield depence on dose

Cell A2

Cell A16



Lightyield depence on dose rate

Cell A2

Cell A16



Lightyield depence on luminosity

Cell A2 Cell A16



Lightyield depence on the number 
of layers

Cell A2 Cell A16



Lightyield depence on the number 
of tiles

Cell A2 Cell A16



Lightyield depence on tile width

Cell A2

Cell A16



Lightyield depence on tile height

Cell A2 Cell A16



Lightyield depence on date

Cell A2 Cell A16



Conclusion
Interpretation of the obtained results
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Conclusion
We trained the model with the training 
dataset in order to predict the value for the 
lightyield; then we tested with the test dataset 
and the model was able to predict correctly.

In the real measurements all parameters 
change simultaneously; therefore, 
interpreting individual data changes is 
complex and may not translate reality. 



Conclusion
The model had issues predicting certain 
lightyield values like for the A16 cell and the 0.6 
lightyield associated value. 

There is a lack of measurements in that range, 
the model was not able to predict them 
correctly.

A further study on the range of predictions of 
the model needs to be done.
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Questions?
Thank you!

http://bit.ly/2Tynxth
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr

