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Conclusions:

Further Investigation:

Due to the complexity of the neural networks and to speed up the training of

the models, the models were trained on a powerful server. A robust, modular

program that builds the model and the training data during run-time was

constructed. This program streamlines model training and makes a more

thorough evaluation easier to implement. This program serves as the

foundation for all future machine learning projects associated with IceCube at

Mercer University.

Due to the amount of time invested into the program and the vast solution

space to optimize the model architecture and model parameters, the model

has not been exhausted of potential improvements that could be made. The

following are recommended for further investigation:

• Integrating high-level event parameters such as event pulse shape

parameters (Time to Peak, Time to 50%), S125, shower center of gravity,

shower plane fit, or snow depth at tank

• Investigate the effects of incorporating high-level time parameters instead

of normalized time data

• Implementing a more thorough analysis during model assessment such as

composition or zenith

• Re-evaluate model architecture, both convolution layers and dense layers

• Evaluate the effects data augmentation, max pooling, and quality cuts

• Investigate the effects of a uniform event energy distribution in the input

dataset

• Investigate the performance of 3D convolutional neural networks

In summation, the baseline model delivered an energy resolution better than

10%, which is consistent with independent energy reconstructions used by

IceCube. The assessment of the model parameters showed a noticeable

improvement in performance when the model trained on only the charge

data. The assessment also showed a slight improvement when the model’s

convolutional layer feature count was increased and when the model’s

dropout was 0%. Notably, dropout above 30% causes the model to not train

properly resulting in a significant drop in the model’s accuracy. The other

evaluated model parameters showed no significant relationship to

characterize an effect. The performance of the neural networks indicates

promise for using machine learning to reconstruct the energy of the cosmic

rays to help study the nature of the cosmic ray spectrum and identify nearby

high-energy sources.

Introduction:
Model Architecture & Parameters:

Introduction:
Cosmic rays, or charged particles traveling through space, are the result of

high-energy events and are attractive for studying the nature of physics at

the extremes or locating high-energy sources. Cosmic rays can collide with

Earth’s atmosphere and rapidly cascade into fundamental particles, which

cascade further, resulting in an air shower. Reconstructing the cosmic ray

primary and the air shower is extremely resource-intensive due to the

complexity of the system. Neural networks provide useful insight into

datasets by recognizing relationships in the data. The required complexity

of a neural network is directly dependent on the complexity of the dataset

and the desired output/relationship; complex relationships require a

complex neural network. Neural networks that utilize convolution are widely

used in image processing as they utilize the relative location of data to

extract features. In collaboration with IceCube Neutrino Observatory, data

from over 400,000 cosmic ray energy shower events recorded by IceTop,

the surface component of the IceCube Neutrino Observatory, were used to

train an array of convolutional neural network (CNN) models that

reconstruct the initial energy of the cosmic ray primary.

IceTop, the Surface Array of IceCube:

The baseline architecture, seen in Figure 2, is based on the architecture used by [2]. The architecture

was scaled to the input data. The baseline architecture incorporates the following modern machine

learning techniques, according to [1][2][3][4]:

• Learning Rate Finder – tailors the learning rate specifically to the model

• Batch Normalization – normalizes and standardizes the weights in each layer

• Dropout – randomly deactivates nodes in each layer

• Leaky ReLU – activation function for each layer

The following model parameters are evaluated:

• Time Included – Charge & Time, Charge Only

• Dropout Percentage – 0%, 10%, 20%, 30%, 40%

• Convolution Layer Feature Count – 16 (Layer 1) & 32 (Layer 2), 32 & 64, 64 & 128

• Dense Layer Feature Count – 256, 512, 1024

• Leaky ReLU Activation – 0.10, 0.20, 0.30, 0.40

Data Processing:
The events were processed to restructure the input data into a 10x10 grid.

This transformation allows the data to be input into a neural network. The

hex-to-grid transformation developed by [1] was used. The data was

normalized and randomized in order to reduce the potential for the model to

overfit the data and to improve the model’s ability to interpret the input data.

IceCube provided 12360 & 12362 (Sybill 2.1, 2012) simulation data for

training. The advantage of working with simulation data is that the ”true”

energy of the cosmic ray primary is known. The true cosmic ray primary

energy is used as the truth data for model training. From the raw data, two

input features are extracted: charge and time, measurements of the

strength of the signals and relative occurrence of the signals from the

sensor array, respectively.

IceTop is made up of 161 detector tanks in 81 stations. The tanks can

detect charged particles and record the intensity of the deposited charge

and the time the charge was deposited. Each event at IceTop generates a

two-dimensional map of the charge distribution with respect to the time of

event. An example map of an event at the IceTop sensor array is given

below in Figure 1.

Results & Assessment:

Each model is assessed using the following lenses that provide insight into its performance:

• 1D Distribution

– over-/under-estimation performance

• 2D Distribution; Visualization, Energy Error, and Residual

– over-/under-estimation performance with respect to true energy

The following assessment plots characterize highlight effects of the evaluated model parameters:

Figure 1: Event Map of IceTop

Figure 2: Visualization of Baseline Architecture 

Figure 3: 2D Dist. Residual (left) and 1D Dist. (right) for baseline, baseline charge only, dropout 

0% charge only, convolution layer feature count 64-128 charge only
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