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IA NO SETOR ELETRICO

A Volt Robotics vem atuando fortemente nessa area

e Brazilian Free-Energy Market Mid-and Long-Term Forecasting Using Multi-Source Ensemble Solution
International Conference on Machine Learning and Applications (ICMLA) 2024, em Miami, EUA
Artigo: Brazilian Free-Energy Market Mid-and Long-Term Forecasting Using Multi-Source Ensemble

Solution | IEEE Conference Publication | IEEE Xplore
Artigo produzido no @mbito de P&D ANEEL realizado em parceria entre a Volt Robotics e Norte Energia.

e Inteligéncia Artificial do Setor Elétrico Brasileiro: Uma revisao das principais aplicacoes publicadas
Sociedade Brasileira de Planejamento Energético — CBPE 2024
Artigo apresentado e publicado no XIV Congresso Brasileiro de Planejamento Energético (CBPE 2024).

ISBN: 978-65-992540-2-4
Disponibilizado nos anais do evento: XIV CBPE

e Customer Segmentation in the Brazilian Free Energy Market by Machine Learning
7t |EEE Conference on Energy Internet and Energy System Integration (EI2) 2023, em Hangzhou, China
Artigo: Customer Segmentation in the Brazilian Free Energy Market by Machine Learning | IEEE
Conference Publication | IEEE Xplore
Artigo produzido no @mbito de P&D ANEEL realizado em parceria entre a Volt Robotics e Norte Energia.



https://ieeexplore.ieee.org/document/10903380
https://ieeexplore.ieee.org/document/10903380
https://www.xivcbpe.com.br/
https://ieeexplore.ieee.org/document/10512391
https://ieeexplore.ieee.org/document/10512391

IA NO SETOR ELETRICO

A Volt Robotics vem atuando fortemente nessa area

e Multi-source data ensemble for energy price trend forecasting

Elsevier - Engineering Applications of Artificial Intelligence Volume 133, Part B, July 2024, 108125 - 4
de mar de 2024

Periddico de alto impacto e qualis Al

Artigo: Multi-source data ensemble for energy price trend forecasting - ScienceDirect

Publicacao oriunda de P&D ANEEL realizado em parceria entre Volt Robotics, CESP e Auren Energia.

e Inteligéncia Artificial aplicada a previsao da tendéncia no preco de mercado para energia
XXVII Seminario Nacional de Producao e Transmissao de Energia Elétrica - SNPTEE 2023 - 27 de nov de
2023
Artigo disponibilizado nos anais do evento: XXVII Snptee 2023
O artigo, fruto de P&D ANEEL realizado em parceria entre Volt Robotics e Furnas Centrais Elétricas, foi

premiado em 1° lugar no Grupo de Estudos de Comercializacao, Economia e Regulacao do Mercado de
Energia Elétrica - GCR no XXVII SNPTEE 2023

e Feature Selection using Complex Networks to Support Price Trend Forecast in Energy Markets
2023 |IEEE International Joint Conference on Neural Networks (IJCNN), em Gold Coast, Australia - 2 de ago
de 2023
Conferéncia de Computacao de alto impacto e com qualis Al
Artigo: Feature Selection using Complex Networks to Support Price Trend Forecast in Energy Markets |
|IEEE Conference Publication | IEEE Xplore
Artigo oriundo de P&D ANEEL realizado em parceria entre Volt Robotics e Auren Energia.



https://www.sciencedirect.com/science/article/abs/pii/S0952197624002835?dgcid=coauthor
https://xxviisnptee.com.br/
https://ieeexplore.ieee.org/document/10191426
https://ieeexplore.ieee.org/document/10191426

IA NO SETOR ELETRICO

A Volt Robotics vém atuando fortemente nessa area

e Machine Learning Approach for Trend Prediction to Improve Returns on Brazilian Energy Market
2022 |IEEE Latin America Congress on Computational Intelligence (LA-CCIl), em Montevidéo, Uruguai.
Conferéncia de Computacao de impacto alto e com qualis B2
Artigo: Machine Learning Approach for Trend Prediction to Improve Returns on Brazilian Energy Market |
|IEEE Conference Publication | IEEE Xplore
Artigo oriundo de P&D ANEEL realizado em parceria entre Volt Robotics e Auren Energia.

e Gestao de Dados e Inteligéncia Artificial aplicados na previsao de tendéncias de precos no Mercado Livre

de Energia
Xl Congresso Brasileiro de Planejamento Energético - CBPE 2022 - 26 de ago de 2022
Artigo disponibilizado nos anais do evento: Xl CBPE
Artigo oriundo de P&D ANEEL realizado em parceria entre Volt Robotics e Auren Energia.



https://ieeexplore.ieee.org/abstract/document/9981846
https://ieeexplore.ieee.org/abstract/document/9981846
https://www.xiiicbpe.com.br/
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&= & outros idiomas ~

&SIBGE

= Instituto Brasileiro de Geografia e Estatistica Buscar Q

gouvb

Governo Federal

Orgéos do Governo  Acesso aInformagdo  Legislacde  Acessibilidade m

= Dados Abertos

a Acesso a Informacéo Dados Abertos

A > Conjunto de Dados Ab...

Dados Abertos

Conjuntos de dados abertos

Nesta secao, & divulgado o Plano de Dados Abertos (PDA) no ambito do Instituto Brasileiro de Geografia e Estatistica (IBGE)

O Decreto n® 8777/2016, que instituiu a Politica de Dados Abertos do Poder Executo Federal, determinou que os érgaos e as entidades da administracao
publica federal direta. autdrquica e fundacional elaborem e publiquem em sitio eletronico, até 11 de julho de 2016, o Plano de Dados Abertos.

Operador Macional

Plano de Dados Abertos (PDAs) do Sisterna Elétrica

s 2024 - 2025

e . A PESQUISAR DADOS
Nos ultimos anos, esforcos importantes vém sendo *
-

conjuntos de dados organizacdes grupos  sobre

realizados para a organizacdo das bases de dados -<i:CCee

das instituicoes ligadas ao governo...

Conjuntos de dados Organizagoes Grupos Sobre

€9 ANEEL

...E com o Setor Elétrico Brasileiro nao é diferente...

ACESSIBILIDADE  ALTO CONTRASTE  ENGLISH Pesquisar dados

Dados abertos sdo dados acessivels ao plblico, representados em meio
digital, estruturados em formato aberto, processaveis por maguina,

BANCO CENTRAL

Acesso 3 Politica Estabilidade DO BRASIL o Cédulase Publicages e O\ o referenciados na internet e disponibilizados sob licenca aberia que permita sua
informagio monetéria financeira moedas pesquisa CX..me .
livre utilizacdo, consumo ou cruzamento, desde que creditada a autoria ou a
frnta (ranfarms Nacratn n 08 777 da 44 da main ds 9N48 2 Dacnlur8an 09
" d . . B T:: 1 Pesquisar... 0
e‘ )e ® Empresa de Pesquisa Energética ] * oos*
Dados Abertos anos p q g Radar '-: - Acesso Restrito n @ [m
Por meio da disponibilizacdo de dados que estao em sua posse, 0 Banco Central do Brasil participa da Politica de Dados
Abertos do Poder Executivo federal. Os dados, acessiveis ao piblico, devem
Ser: o - . = = = - =
A divulgacao dos dados gera indmeros efeitos positivos 3 sociedade: AEPE ~ | AREAS DE ATUACAQ ~ LEILOES ~ PUBLICACOES ~ IMPRENSA ~ ACESSO A INFORMACAQ ~ | TRANSPARENCIA E PRESTACAO
- livres de sigilo; DE CONTAS ~

« fomenta o controle social;
« racionaliza gastos; e
« estimula a inovacdo em setores que prestem servicos aos cidaddos

Em sua esséndia, o PDA/BC contribui para fortalecer a cultura da transparéncia, reforca a credibilidade institucional e
colabora para o cumprimento da missao institucional de garantir a estabilidade do poder de compra da moeda, zelar por
um sistema financeiro sélido. eficiente e competitivo. e Fomentar o bem-estar econdmico da sociedade.

-representados em meio digital;

- estruturados em formato aberto;

cessaveis por maquina;

ciados na internet;

- e disponibilizados sob licenca aberta que permita
sua livre utilizagde, consuma ou cruzamento.

Principal = Publicacies > Dados Abertos
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https://get.fivetran.com/rs/353-UTB-444/images/2021-CDL-Wakefield-Research.pdf

E preciso ter muito cuidado com os dados que sao

utilizados em nossos modelos...

What is GIGO?

The quality of information coming |k ik S Es
out cannot be better than the

..Dados errados geram padroes de aprendizado

..Padroes de aprendizado errados levam a

conclusoes erradas...
GARBAGE

GIGO is used in IT Sos====TT Y
and mathematics

Garbage In, Garbage Out

Don’t blame the computer if its output is faulty. Output is only as good as input. In other words, the information the
computer gives out is only as good as the information that went in. IT stands for Information Technology (computers).

...Conclusoes erradas levam a decisoes erradas...

...Decisoes erradas levam a perdas inesperadas!!!

What is GIGO (garbage in, garbage out)? - Market Business News


https://marketbusinessnews.com/financial-glossary/gigo-garbage-in-garbage-out/
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EXPLAINABLE Al
Explicando curtailment edlico

- 10000
Sem corte - * Acurdcias balanceadas:
L 28000 i CN F: 800/0
e REL:74%
e ENE:67%

6000
Moderado « As acuracias caem a medida que os
problemas se tornam mais

4000 desbalanceados

True lahel

e Temos interesse em casos

2000 controversos

Alto

Sem corte Moderado Alto
Predicted label




EXPLAINABLE Al
Explicando curtailment edlico

O que serd que é
mais importante

para prever o
Curtailment?

0.3 0.2 0.1 0.0 0.1 0.2 0.3
SHAP value (impact on model output)

0.4

High
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Clusterizacao de consumidores

Customer Segmentation in the Brazilian Free Energy Market by Machine Learning
Moisés Santos, Saulo Mastelini, Marcos Basile S. de Paula, Ewerton Guarnier, Donato Silva - Volt Robotics

Maria Santos, Eduardo Campos, Lucas Picarelli — Norte Energia S.A.
Motivation Architecture

.

.

The Brazilian Free Energy Market has been experiencing a
remarkable transformation led by Deregulation initiatives

36% of Brazilian load purchases its energy from Free
Market, which tends to grow quickly up to the decade’s end

Considering this Free load increase, the customer’s
segmentation based on hourly characteristics and behaviors
allows Power Companies to understand their needs and
offer more tailored and competitive solutions

* Overview of the Hybrid Machine Learning Algorithm:

BN CNAE
* The customer’s segmentation simplifies the power 1.2 4
companies’ process because it is possible to assess few . i ) - ML
groups of customers rather than thousands of them * The intra-cluster distances (Average and 90" percentile)
which were obtained from this hybrid approach were
« This approach will be used in a more complex Project, which compared to those obtained from 3 baselines: 1.0 ‘9
will promote energy portfolio optimization considering both X .
energy trading and consumer optimization * Flat Load: Consumption constant over time 8 . é
X c
« This R&D project is being developed in partnership with . Aver::lge 'Load: Average consumption curve calculated i 0.8 1
VOLT ROBOTICS and NESA (Norte Energia S.A.) through the considering the whole free load %
Research and Development Program regulated by the % - p Pl .
National Electric Energy Agency (ANEEL), PD-07427- * CNAE (National Classification of Economic Activities): 2 0.6 4
0722/2022 Official economic categories of activities rg .
v - @
Experimental Procedures Experimental Results © 044 ]
o »
« Dataset: Hourly load consumption from all the Free and Su D TR AYSRAGROR DITRACLUATIR £ - n '- &
Special customers since January 2019, which are available in _ &
CCEE (Electric Energy Trading Chamber) - from 2019 to Sokpry -Diose: FWd: e “:“‘" ‘-'\';z 0.2 o
2022, 12,363 loads have been considered in this analysis M P ¥e% dox i nmoa
w 8 P2 i B e
« All consumers are represented by 3 average components: (i) 5 e e u;,;
Monthly (47 points), (ii) Hourly — Weekdays (24 points) and i P90 485%  306%  201%  1558% 0.0 1 e —
(iii) Hourly — Weekend (24 points) « The Hybrid Machine Learning approach is notably better
) than all the baselines, considering both monthly and hourly 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

.

A step of normalization was used to evaluate all the profiles
using the same basis

Monthly and Hourly distance metrics between consumption
profiles were combined to assess the clusters:

Md, = a

aCwrs = Cwyy | + |Coty 1 — Crdy)

M + 2ty
3

A hybrid Machine Learning Model (HDBSCAN + hierarchical
clustering) was used to set clusters

Td,

3 baselines were considered

profiles

CNAE is a robust baseline, but its dispersion is remarkably
worse than Machine Learning solution, mainly in hourly
profile — This fact is clearer in the graph below:

nter custer antance

Inter-cluster distance
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Por que adotar Machine Learning para
Forecasting?

*Em séries com um elevado numero de observacoes (>200), ML prové resultados tipicamente

mais acurados

A M5 Forecasting Competition € uma competicdo internacional que avalia modelos de previsdo de séries temporais. Na
categoria de acuracia, os 50 melhores resultados foram alcangados exclusivamente por modelos de |A

ARIMA THETA === GP == | ASSO
Type ETS NAIVE ws= RBR ®= Machine Learning Method
Journal of Intelligent Information Systems (2022) 59:415-433 TBATS == RF == MARS w0 Statistical Method

https://doi.org/10.1007/510844-022-00713-9

)

Check for
updates

A case study comparing machine learning with statistical
methods for time series forecasting: size matters

Vitor Cerqueira’ - Luis Torgo' - Carlos Soares®** 6.5

Received: 20 January 2022 / Revised: 21 April 2022 / Accepted: 21 April 2022 /
Published online: 16 May 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract 6.0
Time series forecasting is one of the most active research topics. Machine learning meth-
ods have been increasingly adopted to solve these predictive tasks. However, in a recent
work, evidence was shown that these approaches systematically present a lower predictive
performance relative to simple statistical methods. In this work, we counter these results.
We show that these are only valid under an extremely low sample size. Using a learning
curve method, our results suggest that machine learning methods improve their relative
predictive performance as the sample size grows. The R code to reproduce all of our exper-
iments is available at https://github.com/vcerqueira/MLforForecasting.

Avg. Rank

55

Keywords Time series - Forecasting - Sample size

1 Introduction 5.0

Machine learning is a subset of the field of artificial intelligence, which is devoted to devel-
oping algorithms that automatically learn from data (Michalski et al., 1983). This area has
been at the centre of significant advances in science and technology. This includes prob-
lems involving forecasting, such as in the domains of energy (Voyant et al., 2017), health-
care (Lee & Mark, 2010), management (Carbonneau et al., 2008), or climate (Xingjian
etal., 2015). 4.5

T 0 250 500 750 1000
Training Sample Size




Machine Learning no contexto de previsao
de séries temporais

DOL: 10.1111/joes. 12429

SPECIAL ISSUE

Em WILEY

Machine learning advances for time series

forecasting

Ricardo P. Masini"? | Marcelo C. Medeiros®

! Center for Statistics and Machine
Learning, Princeton University, USA
2830 Paulo School of Economics, Getulio
Vargas Foundation, Brazil

* Department of Economics, Pontifical
Catholic University of Rio de Janeiro,
Brazil

#School of Applied Mathematics, Getulio

Abstract

In this paper, we survey the most recent advances
in supervised machine learning (ML) and high-
dimensional models for time-series forecasting. We
consider both linear and nonlinear alternatives. Among
the linear methods, we pay special attention to penal-

| Eduardo F. Mendes*

Vargas Foundation, Brazil ized regressions and ensemble of models. The nonlinear
methods considered in the paper include shallow
and deep neural networks, in their feedforward and
recurrent versions, and tree-based methods, such as
random forests and boosted trees. We also consider
ensemble and hybrid models by combining ingredients
from different alternatives. Tests for superior predictive
ability are briefly reviewed. Finally, we discuss appli-
cation of ML in economics and finance and provide an
illustration with high-frequency financial data.

Fundinginformation
CNPqand CAPES; Conselho Nacional de
Desenvolvimento Cientifico e Tecnolégico

KEYWORDS

bagging, boosting, deep learning, forecasting, machine learning,
neural networks, nonlinear models, penalized regressions, ran-
dom forests, ion trees, ization, sieve imati
statistical learning theory

JEL CLASSIFICATION:
Cc22

1 | INTRODUCTION

This paper surveys the recent developments in machine learning (ML) methods to economic and
financial time-series forecasting. ML methods have become an important estimation, model selec-
tion, and forecasting tool for applied researchers in Economics and Finance. With the availability

7% | © 2021 John Wiley & Sons Ltd wileyonlinelibrary.com/journal /joes J Eeon Surv. 2023,37:76-111

z

« O uso de Machine Learning (ML) para forecasting € uma
tendéncia crescente;

 Dentre os grupos de modelos de ML mais utilizados:
 Regqgularized linear regression: Ridge Regression e LASSO
» Artificial Neural Networks (ANN): Multilayer Perceptron e
Long Short-Term Memory (LSTM)
 Ensembles: Random Forest e Gradient Boosted Trees
* Métodos hibridos

« ANNSs s3o, em geral, mais dificeis de configurar e necessitam
de mais dados para treinamento



Disponibilidade de dados e desempenho
Quanto mais dados melhor, mas isso deve ser feito com cautela...
Colunas = variaveis explicativas/dimensoes
Quanto mais, melhor...mas CUIDADO!!!
Data VARIAVEL A SER X1 X2 X3 X4 X5 Xn
PREVISTA (Y)
01/09/2023 149 1 9 20 20 9 12
31/08/2023 16 2 7 16 4 18 5
30/08/2023 3 5 19 17 2 2 7
29/08/2023 2 9 14 14 17 1 7
28/08/2023 16 11 2 7 4 3 11
27/08/2023 1 13 13 14 13 19 8
26/08/2023 9 19 16 11 17 3 6
25/08/2023 5 12 17 15 6 2 4
Linhas = 24/08/2023 2 14 10 6 18 18 12
. 7 . 23/08/2023 6 7 1 10 17 12 16
amostras/historico 22/08/2023 5 20 1 12 13 8 8
21/08/2023 15 9 3 2 18 20 15
Quanto mais’ 20/08/2023 9 12 13 18 9 18 10
melhor! 19/08/2023 15 8 4 9 17 20 18
18/08/2023 6 4 8 6 12 13 9
17/08/2023 8 19 19 5 2 14 17
16/08/2023 7 4 5 2 19 12 7
15/08/2023 17 10 19 7 5 3 13
14/08/2023 20 14 13 p 7 14 5
13/08/2023 2 13 8 13 4 3 14
12/08/2023 15 5 18 7 6 19 10
VQLT 11/08/2023 10 15 3 3 6 11 5
DD/MM/AAAA 10 16 14 9 13 11 11



Reducao de Dimensionalidade: Extracao ou

Selecao de Atributos?

Selecao de
Atributos

Selecao de um subconjunto de .
variaveis explicativas

Critérios que buscam reduzir
redundéancias e levar o problema a
menor dimensao possivel .

Tentativa de se excluir de
antemao variaveis que nao
exercem influéncia no resultado

Extracao de
Atributos

Criacao de uma nova
representacao de conjuntos de
dados, convertendo para menor
dimensao

Possibilidade de criacao de
algoritmos que sintetizem variaveis
de entrada a partir do conjunto
original, perdendo, porem,
explicabilidade original



ML para previsao de precos e geracao

D

Modelos
Meteoroldgicos

Precos de
Mercado

1

Aprendizado

e Precos de
Modelos de formacao de Maquina Mercado
de precos Vigentes

PLDs

Outras horarios e
Informacdes, despachos e
cenérl?§ geracio
energeticos, L
macroeconomicos, em -ongo

etc. Prazo



Muito obrigado!!!

Marcos.basile@voltrobotics.com.br
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