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Proposes

SamBa TimeS - Sao Paulo meets Bavaria:
A Time Series Workshop

L. Baratina, S. Bouma, F. Eppel and S. Wagner

Although the underlying physics may be very different, similar challenges arise in time series analysis in
various areas of astrophysics. This proposal aims to facilitate the exchange of algorithmic tools as used and
developed for radio, multi-wavelength and radio neutrino astronomy, in order to help tackle outstanding
issues in each field.

This exchange would culminate in the organization of two one-day workshops on time series analysis at
the University of Wiirzburg and at the National Instituto of Space Research Sao Paulo (INPE). Through this
series of gatherings, we aim to facilitate an intensive and dynamic exchange of diverse data analysis tools.
We plan to have one person from Brazil contribute his expertise to the Wiirzburg workshop and three people
from ECAP/JIMU Wiirzburg contributing to the Brazil workshop. The workshops will be organized by a
joint team from ECAP, JMU Wiirzburg and INPE and will be targeted to master and PhD students. We will
organize a one-day program consisting of talks on basic principles of time series analysis (i.e. Basics Time
Series Features Extractions, Data denoising, Forecast Time series, Machine Learning classical tools, Deep
learning classifications, Bayesian block analysis) and provide hands-on sessions to share our knowledge
and software tools within the participating institutions.

In advance to the workshop, the members of the proposing team will start collaborating on individual
projects revolving around time series analysis. Throughout the week of the workshop, the proposed team
will intensively discuss these projects and the applied methods together. Our collaboration intends to use
this opportunity to solve several problems in high-energy astrophysics in the multi-messenger era:

Identifying Radio Neutrinos interaction with Deep Learning

Luan Orion Baratina. Sjoerd Bouma

May 2023

Current (e.g. ARA. ARIANNA, RNO-G) and future (IceCube-Gen2) radio-based in-ice neutrino
observatories aim to detect astrophysical neutrinos at ultra-high energies (UHE) of over 10 PeV.
However, accurately identifying neutrino-induced events in time series data can be challenging. es-
pecially as a significant fraction of recorded events is expected to have a low signal-to-noise ratio
(SNR). In recent vears, deep learning (DL) has shown great potential in handling such complex data
and achieving high classification accuracy [4]. In this proposal, we aim to explore the use of DL tech-
niques, such as recurrent neural networks and convolutional neural networks, for the classification
of radio and neutrino interactions in time series data. Our goal is to develop a robust and accurate
classification model that optimized in High Performance Computing that can help astrophysicists
better understand the behavior of high-energy particles in the universe. This research has the po-
tential to contribute significantly to the field of astrophysics and advance our understanding of the
universe's most energetic phenomena.

In order to reconstruct the direction of these neutrinos, both ‘standard’ [5] and DL based (3]
reconstruction algorithms have been or are currently being developed. While better performance may
be expected from the latter, the former may help more in terms of identifying current bottlenecks
and thus potential areas of improvement. In particular, in [5], it was found that one of the main
limiting factors was the reconstruction of the interaction vertex. with the challenge lying in correctly
identifying the position of the neutrino pulse at low SNR. This is currently done using template
correlation (see Fig.1). One of the aims of this project would be to investigate to what extent this
aspect of the reconstruction could be improved by using a neural-network approach.

Another avenue that might be investigated is the classification of neutrino versus non-neutrino
events, where the latter could be either thermal-noise-induced events or pulses induced by other
phenomena, e.g. triboelectric [1] or anthropogenic sources. This classification has previously been
done using e.g. a Fisher discriminant in [2], but here also improvements may be achieved by using a
neural network.
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| Workshop SaMBa Times

(Sao Paulo Meets Bavaria - A Time Series Workshop)
05/04/2024, das 9h as 17h

O Workshop bilateral entre os Estados de Sao Paulo (Brasil) e Bavaria (Alemanha) € fruto de uma proposta de trabalho que aconteceu na 12 parte do

workshop “High-energy astrophysics in the multi-messenger era’, realizado em Erlangen Maio de 2023.
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Descrigao

Registro

Sao Paulo meets Bavaria - A Time Series Workshop

Although the underlying physics may be very different, similar challenges arise in time series analysis in various areas of astrophysics. The
SamBa TimeS workshop aims to facilitate an intensive and dynamic exchange of algorithmic tools developed for radio, multi-wavelength and
radio neutrino astronomy.

The workshop is hosted at the National Instituto of Space Research Sao Paulo (INPE). It is organized by a joint team from ECAP (Germany), JMU
Wiirzburg (Germany) and INPE (Brazil) and is targeted to master and PhD students. Bachelor students and Post-Docs are also welcome to join.
The one-day program consists of talks on basic principles of time series analysis (i.e. basic time series features, extractions, data denoising,
forecasting, machine learning classical tools, deep learning classifications, bayesian block analysis), followed by hands-on sessions to share our
knowledge and software tools within the participating institutions.

Some of the problems that will be discussed include:

« Fast Radio Burst (FRB) detection methods and RFI classification: The detection and processing of transient radio data is a major
challenge in radio astronomy and both sides of the collaboration will profit from joint analysis tools that can be deployed for the BINGO
and Effelsberg telescopes to perform searches for new Fast Radio Bursts. We will improve existing tools and expand them using Machine
Learning (ML) methods which will contribute to the on-going search for the progenitor of FRBs.

« Multi-wavelength light curve analysis: Our team has immediate access to radio, X-ray and y-ray data of variable AGN sources. We are
aiming to study variability properties (modulation index, periodicity) of these sources and perform multi-wavelength cross-correlation
studies to constrain emission models in AGN.

« Pulse identification of radio neutrino signals: The identification of neutrino signals for in-ice radio neutrino observatories (RNO-G,
IceCube-Gen?2) in noisy data is a major challenge for both reconstruction and background rejection. We will attempt to use deep-learning
methods to improve on existing approaches to this problem.
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eta: A computational tool for data clustering in
multidimensional entropy space in python

Barauna L. O. ! Sautter R.2Rosa R. R.?
Applied Computing Program (CAP), INPE-MCTI, Sao José dos Campos, SP

Abstracct. This study introduces a groundbreaking algorithm that leverages entropy measure-
ments for the classification of complex spatiotemporal patterns eta. Focused on bridging the gap in
multi-dimensional data analysis, the algorithm utilizes a novel combination of Shannon permutation
entropy and Tsallis Spectral Permutation Entropy. This innovative approach not only distinguishes
between various types of pattern evolutions and providing a structured parameter space for the
effective segregation of dynamic processes. This advancement opens new avenues for the automa-
tic classification of complex patterns, with significant implications for enhancing machine learning
models.

Key-words. Entropy, python, Permutation Entropy, GPA)
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