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= Estacionariedade
= Dataset D
= Amostras D
= Propriedades estatisticas em Dg ndo variam com o tempo
= Series temporais: media, variancia e covariancia

= NJo-estacionariedade

= Métodos de data analytics

= A grande maioria dos métodos assumem “implicitamente”
estacionariedade

[11 R.H. Shumway e D.S. Stoffer, 2017, Time Series Analysis and Its Applications: With R Examples. 4 ed. New York, NY, Springer.
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R. Salles, K. Belloze, F. Porto, P H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An
experimental review”, Knowledge-Based Systems, nov. 2018. 4



COMMUNICATIONS

ACM

= Analise de Dados (Data Analytics)
= Descritiva
= Preditiva
= Prescritiva

= A grande maioria dos metodos assumem
"implicitamente” estacionariedade



= (Critica de Lucas
= visao econdmica

» Deteccdo de eventos

» Dilema da plasticidade e estabilidade
» visdo de aprendizado de maquina

= Mudanca de conceito (concept drift)
= visdo de mineracao de dados

= Padrbes emergentes (emerging patterns)
= visdo de banco de dados



= “Dado gue a estrutura de um modelo econometrico
consiste em regras de decisdo Otimas dos agentes
econOmicos, e que as regras de decisao 6timas variam
sistematicamente com as mudancas na estrutura das séries
relevantes para o decisor, conclui-se gue qualguer
mudanca na politica sistematicamente ira alterar a
estrutura dos modelos economeétricos”

[1] D. Gujarati, 2002, Basic Econometrics. 4 ed. Boston; Montreal, McGraw-Hill/Irwin.
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Event detection

= Fvents

= Anomalies (trends and volatility)
= Change points
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Variacdo da temperatura global do planeta
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[1] V. Guralnik e J. Srivastava, 1999, Event Detection from Time Series Data, In: Proceedings of the Fifth ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, p. 33-42.
[2] World Global Temperature, https://datahub.io/core/global-temp
[3] J.-I. Takeuchi e K. Yamanishi, 2006, A unifying framework for detecting outliers and change points from time series, IEEE Transactions on Knowledge and Data Engineering, v. 18, n. 4, p. 482-492. 9



https://datahub.io/core/global-temp

= Anomaly is a pattern that do not conform to expected
behavior [1]

= Anomaly detection refers to the problem of finding
these patterns
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[11 V. Chandola, A. Banerjee, e V. Kumar, 2009, Anomaly detection: A survey, ACM Computing Surveys, v. 41, n. 3
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= A pattern (unknown) that occurs a significant number
of times in time series [1,2,3]
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[1] P. Patel, E. Keogh, J. Lin, and S. Lonardi, “Mining motifs in massive time series databases,” in Proceedings - IEEE International Conference on

Data Mining, ICDM, 2002, pp. 370-377
[2] A. Mueen, “Time series motif discovery: Dimensions and applications,” Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery,

vol. 4, no. 2, pp. 152-159, 2014
[3] S. Torkamani and V. Lohweg, “Survey on time series motif discovery,” Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, 11

vol. 7, no. 2, 2017.



Values

A sequence s = <wq, ws, - -+, w> is included in time series t = <vq, V9, - , v, >
if there exist integers 1; < 19 < --- < 1§ such that wy = v;,, we = v, , W =
Uj

ke

Given a time series t and sequence ¢, q is a motif for ¢ with support o iff ¢

is included in ¢ at least o times. Formally, given time series ¢ and ¢, such that
W =sw(t,|q|) <= dJRC WNVw; € R,w; =qA|R| > 0.
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What is a motif in spatial-time series?

How to find motifs in spatial-time series?
How to do it in non-stationarity? 12




= |f you can label or
characterize events

4
- __Ez E before E, E, after E,
€, E, E, meets E, E, is-met-by E;
€1 E, E, overlaps E» | E, is-overlapped-by E4
| E E, E, is-finished-by E; E, finishes E;4
-7 E -_ E, contains E, E, during E;,
E;_ E4 starts E, E, is-started-by E,
E; — Eqequals E, E, equals E;

[1] I. Batal, G.F. Cooper, D. Fradkin, Jr. Harrison J., F. Moerchen, e M. Hauskrecht, 2016, An efficient pattern mining approach for event detection
in multivariate temporal data, Knowledge and Information Systems, v. 46, n. 1, p. 115-150.



= Redes neurais sao conhecidas pela adaptabilidade

= Capacidade de atualizar os pesos em funcao de alteracoes no
ambiente

» Treinamento incremental
= Alteracao dos pesos sinapticos

= Sistemas adaptativos visam abordar ndo-estacionariedade

= Buscando-se robustez, adota-se adaptabilidade

= Maior adaptabilidade, mais suscetivel a situacdes espurias, menor
robustez

= Dilema: encontrar o tempo certo para se adaptar

I i sl o W

time suddan/abrupt incramental aradual regccuring concepts outiier (not concept drift)

dala mean

[1] S.O. Haykin, 2008, Neural Networks and Learning Machines. 3 ed. New York, Prentice Hall.
[2] Grossberg, S., 1988. Neural Networks and Natural Intelligence, Cambridge, MA: MIT Press.
[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, [EEE Computational Intelligence Magazine, v. 10, n. 4, p. 12-25. 14



= Aprendizado no contexto de distribuicbes ndo-
estacionarias
= Aprendizado é feito em lotes (batches)
= Data streams (objetos com timestamps)
= Definicoes
» P(Y) probabilidade da variavel dependente (rétulo)
» P(X) probabilidade das variaveis independentes (objetos)
* P(X,Y) probabilidade conjunta dos objetos e rotulo
= P(Y|X) distribuicdo provavel do rotulo para objeto
= Concept = P(X,Y) = P(x)
Drift = Pe(x) #+ B,(x)

[11 G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge
Discovery, v. 30, n. 4, p. 964-994. 15
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An old concept may reoccur after some time.

[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational
Intelligence Magazine, v. 10, n. 4, p. 12-25. 16
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[3] G. Ditzler, M. Roveri, C. Alippi, e R. Polikar, 2015, Learning in Nonstationary Environments: A Survey, IEEE Computational
Intelligence Magazine, v. 10, n. 4, p. 12-25. 17



= Magnitude do Concept Drift: D(t, u)
= Real Concept Drift

" Pe(Y1X) # P,(Y]X) e P.(X) = B,(X)
= Virtual Concept Drift

" Pe(Y1X) = P,(Y]X) e P.(X) # B,(X)

[11 G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge
Discovery, v. 30, n. 4, p. 964-994. 18



= Padrbes emergentes sao colecdes de itens cuja
frequéncia muda de um dataset (batch) para outro

» Datasets Dg(anterior) e D,, (proximo)
= Crescimento para itens y: p(x)

f oo, support.(i) = 0
e p(p) = 4 0 suppOTt () = support, (x) = 0
supporty(X)

,otherwise
\ supporte(x)

= Dado um limite o, um padrao y é emergente se p(y) = o

[1] G. Dong e J. Li, 1999, Efficient Mining of Emerging Patterns: Discovering Trends and Differences, In: Proceedings of the Fifth ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, p. 43-52
[2] K. Ramamohanarao e J. Bailey, 2004, Emerging Patterns: Mining and Applications, In: Proceedings of International Conference on Intelligent Sensing and Information Processing, ICISIP 2004, p. 409-414.
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= Gerencia de memoria
= Adaptabilidade
= Transformacoes

[1]J. Gama, I. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4

[2] AM. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcia-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised descriptive rule discovery: taxonomy, empirical study, trends, and prospects,
Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, v. 8, n. 1

[3] R. Salles, K. Belloze, F. Porto, P. H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An experimental review”, Knowledge-Based Systems, nov. 2018. 20



= Processo

= Testa-se no ultimo batch (previsao)

Geréncia de memoria

» |ncorpora-se ultimo batch no treino
= Memaria

= Completa
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[1J. Gama, |. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4

[2] AM. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcfa-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised descriptive rule discovery:
taxonomy, empirical study, trends, and prospects, Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, v. 8, n.’1
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NaiveBayes

= Deteccao de drift
= Ativa
= Passiva

error-rate
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= Aprendizado
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[1]J. Gama, I. Zliobaite, A. Bifet, M. Pechenizkiy, e A. Bouchachia, 2014, A survey on concept drift adaptation, ACM Computing Surveys, v. 46, n. 4

[2] AM. Garcia-Vico, C.J. Carmona, D. Martin, M. Garcia-Borroto, e M.J. del Jesus, 2018, An overview of emerging pattern mining in supervised descriptive rule discovery: taxonomy, empirical study, trends, and prospects,

Wiley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, v. 8, n. 1
[3] G.I. Webb, R. Hyde, H. Cao, H.L. Nguyen, e F. Petitjean, 2016, Characterizing concept drift, Data Mining and Knowledge Discovery, v. 30, n. 4, p. 964-994.
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R. Salles, K. Belloze, F. Porto, P H. Gonzalez, e E. Ogasawara, “Nonstationary time series transformation methods: An

experimental review”, Knowledge-Based Systems, nov. 2018.

23



aaaaao

200000

400000

300000

200000

100000

—0-PIB

200408
2004.12

2005.06
2005.12

200606
2006.12

2007.06
2007.12

200508
200812

2009.06
200912
2010.06
201012
2011.06
2011.12

2012.06
201212
2013.06
2013.12
2014.06
2014.12
2015.06

T Y]
iy B
T
— = -
o R e
e S

Col 0
— 2
-
— -
[
ol

2015812

-l
—
L
—
[ ]
Lt |

Ipeadata - hitp://www.ipeadata.gov.br

[1] E. Ogasawara, L.C. Martinez, D. De Oliveira, G. Zimbrdo, G.L. Pappa, e M. Mattoso, 2010, Adaptive Normalization: A novel data normalization

Normaliza¢do (min/max) global

approach for non-stationary time series, In: Proceedings of the International Joint Conference on Neural Networks




2.70

2.50

2.30

2.10

1.90

1.70

1.50

1.50

1.00

0.50

0.00

-0.50

-1.00

-1.50

sequence for slide window #2
,/\V
sequence for slide window #1
—T"
—
___/
o o o o o — — — — — — - —
o o o o o o o o o o o o o
o o o o o o o o o o o o o
N N N N N N N N N N N N N
=~ el =~ =~ =~ ~ =~ S~ =~ ~ ~ -~ =~
[eo] ()] o — N — (o] ™ < o [{e] ~ (e}
o o i — — o o o o o o o o
normalized slide normalized slide
W indow?/ window #2 /
// /
P
o o o o o - - - — — — — —
o o o o o o o o o o o o o
o o o o o o o o o o o o o
q Q q o o q o q q q q o q
o (o2} o — oV} — AN ™ < 19} (] N~ [ee]
o o — — — o o o o o o o o

Monthly average exchange rate of U.S. Dollar to Brazilian Real

normalized by sliding window technique from aug/2000 to dec/2000 and from apr/2001 to




100¢/80
o €
N \ 1002/80 * .m/
= 28 1002/L0
g g5
£ 1002/L0 w g
E =5 1002/90
5 V 1002/90 70
= T =
L o 9 T00¢/S0
g ﬁ 1002/50 = m
o] \ IS
2 /_ SE /._/ 1002/70
2 1002/v0 Sz
1002/E0 T00¢/€0
1002/20 100¢/20
T1002/T0 T00¢/10
ww_ 000¢/¢T e 0002/¢T
2 #* 2
S B
£ ' 0002/TT 8 m 000Z/TT
o [
=) s E
= 0002/0T
g / 32 / 0002/0T
3 22
g 0002/60 o g
5 3 m 000¢/60
g =
g _ 0002/80 m m
S z 000¢2/80
o o o o o o Q
~ o] [} — [} N~ 0
o o~ N [\ — — —

150
1.00
0.50
0.00
-0.50
-1.00
-1.50

26

==SW -“~AN



180

Training
zone

160

140

120

100

80

60

Forecast

zone
4 0 1 I I 1 1 1

0 20 40 60 80 100 120

—BAGP LR —AR — NN -~ NNS - NNA

27



Prediction of sea surface temperature in
South Atlantic Ocean
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Time-Series Prediction
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» Effect of temporal aggregation for long-term

orediction of sea surface temperature
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Fig. 8. Graphic of the victories of each prediction approach regarding their perfor-
mances in generating up to twelve monthly aggregated forecasts.

Rebecca Salles
Scientific initiation
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= Framework for analysis of prediction performance
compared to linear models

TABLE I11: Rankings of the top 25 results of the chosen competition datasets including results from TSPred R-package

\ Santa Fe \ EUNITE \ CATS \ NN3 \ NN5
Renk inz:(asa ANMSE in:iasa ?lMSEl Participant M[@aF]’E Participant  E1 E2 Partiza:wsta Fuen Partizat:ns? e
8 pant - smapE pant g\ APE
1w 0.02 |zH 0.08 |Chih-Jen Lin  1.982 |Sarkka* 408 346 |llliest 15.18% |Andrawis 20.40%
2 |sa 0.08 [TSPredarivay 054 2.149 |Cai* 441 402 |Adeodato* 16.17% |Vogel 20.50%
3 M 038 |U 1.30 |Brockmann 2.498 |Kurogi* 502 418 |Flores* 16.31% |D’ yakonov 20.60%
4L 045 |TSPredeer 161 [TSPredpr) 2779 [Hu* 530 370 |Chen* 16.55% |Rauch 21.70%
5 U 062 |Z 480 |Ziveak 2873 ga‘on“;dﬁ 577 395|D’'yekonov  16.57% |Luna 21.80%
6 |A 071 |c 640 |Kowalczyk 2985 [Madonado* 644 542 |Kamel* 16.92% |Wichard 22.10%
7 McL 0.77 |W 710 |Lewandowski  3.223 |Simon* 653 351 |Abou-Nasr  17.54%|Gao 22.30%
8 |TSPredpariva) 090 |S 17.00 [Kowaczyk — 3.264 |Verdes 660 442 [Theodosiow*  17.55% \F;}JlT:ua/a 23.70%
9 |TSPredpry 099 Ortega 3.380 |Chan* 676 677 |TSPredarima) 17.79% [Dang 25.30%
10 |N 1.00 King 3.388 |Wichard* 725 222 |de Vos 18.24% |Pasero 25.30%
1 |p 1.30 Lotfi 3.389 |Beliaev* 928 762 |[Yan 18.58% |Adeodato 25.30%
12 |Can 1.40 Guijarro 3.421 |Kong 954 994 |C49 18.72% |undisclosed 26.80%
13 K 1.50 Weizenegger ~ 3.694 |Wang 1037 402 |Perfilieva* 18.81% |undisclosed 27.30%
14 |sw 150 TSPredarimay 3.820 |Cellier: 1050 278 |Kurogi* 19.00% |TSPredarimay 27.80%
T T T T T T 15 |Y 150 Boger 3.958 |Crone* 1156 995 |Beadle 19.14% | Tung 28.10%
1000 1020 1040 1060 1080 1100 16 |Car 1.90 Bontempi 3.997 |TSPred(arima) 1173 917 |Lewicke 19.17% |undisclosed 33.10%
17 Pelikan 4.348 |Acernese* 1247 1229|Sorjamaa* 19.60% |undisclosed 36.30%
] . 1cti 1 1 1 1 18 Brockmann 4.373 | Yen-Ping* 1425 894 |Isa 20.00% |undisclosed 41.30%
Fig. 2: ARMA predlct.l(‘)ns (solid line) fqr the tnpe series A of » Bradkr prtA sl S = Frto i
the Santa Fe Competition. The actual time series values are 2 Rivieocio 4502 Dudos 20.85% lundisdlosed  45.40%
represented by the dashed line. 21 Brockmann  4.580 Papadaki* 22.70%|undisclosed  53.50%
22 Ivakhnenko 4.653 Hazarika 23.72%
23 Brockmann  4.712 c17 24.09%
24 Brockmann 5.087 Njimi* 24.90%
25 Brockmann 5.425 Pucheta* 25.13%
e a

1 NMSE error for the 15 first predicted observations
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Mudanca na faixa de valores

Distribuicdo varia no espaco e tempo
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COMMUNICATIONS
Y “ACM :

Spatial-time series

Let P = {p1,ps,...,pm} be a set of positions, a spatial-time series d is a
couple (p,t) where p € P is a position and ¢ is the associated time series.

A spatial-time series dataset D is a set of spatial-time series {d; }.

Given a d = (p,t), if p varies according to time, d is a trajectory object,
otherwise, d is a permanent object.




Séries espaco-temporais tém uma posicao associadas a sensores

survey ship

A ' \ source of shock waves (air gun) hydrophones
el Hthy
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Source: https://krisenergy.com/company/about-oil-and-gas/exploration/
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Cada sensor esta associada a uma série espago-temporal

survey ship
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» Probabilidades diferentes no tempo-espaco
» Modelos especializados para regides

1001

400+

[1] https://terranubis.com/datainfo/Netherlands-Offshore-F3-Block-Complete.
36



» Running motif discovery algorithm in single time series:
In some cases, no motif is found.
o Similar shapes in the neighbors are not identified.
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Sequence pattern mining is used
successfully to obtain insight from
large volume of transactional
databases.

Scope of this work is the use of such
technique to discover sequential
patterns on seismic spatial-time
series:

» indexing technique used
to discretize the input

= adapted algorithm implemented to
retrieve discovered patterns positions

» results are presented
over original seismic trace images
to better evaluate the quality of results

A priori principle

1) Discretization

2) Sequential pattern
mining

3) Visualization

38



Pattern Identification in Space-Time Series
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(Business/Industrial)

Analysis of Flight Delays

DEPARTURES

DESTINATION FUIGHT GAT REMARKS

39 LONDON L 903 il CANCELLED

57 SYDNEY 05723 ¥ CANCELLED

3-08 TORONTO 105984 r 4 CANCELLED
TOKYO AM 608 il DELAYED

HONG KONG IC547 29 CANCELLEL
MADRID EXK394 30 DELAYED

BERLIN AM502 28 CANCELLEED

NEW YORK ON 997 1 CANCELLED
PARIS 87C 23 DELAYED

ROME RIS533 43 CANCELLED
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= Data warehouse

= Brazilian National Flights

» Meteorological condition
= |dentification of frequent patterns that leads to, delavs
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Fig. 7. Lift analysis of the rules containing the airport and the time of departure on the antecedent and a delay on the consequent - the airports are ordered
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COMMUNICATIONS
S 2 ACM T

= Big Data
= Data deluge (volume and velocity)
= Different data models (variability)
= Science: astronomy, Seismic
= Business/Persons: loT, Flights
= Government: Smart cities, Urban mobility

= Challenges for Knowledge Discovery
= Data management
= Data Preprocessing
= Workflows
= Data analysis
= Prediction / Classification
= Pattern Identification
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COMMUNICATIONS
ACM
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Urban Mobility
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Urban Mobility — Results
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= Persistence and Querying
= Trajectory or Aggregated analysis
= |dentification of Patterns, Anomalies, and Drift
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COMMUNICATIONS
iz ACM

= Big Data
= Data deluge (volume and velocity)
= Different data models (variability)
= Science: astronomy, seismic
= Business/Persons: loT, flights
= Government: smart cities, urban mobility

= Challenges for knowledge discovery
= Data management
= Data preprocessing
= Workflows
= Data analysis
= Prediction / classification
= Pattern identification
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trajectory st_aggreg_config

|

generate_download_info.py | create_virtual_stations.R

val trajectory: Relation = Relation(Schemalkey, initialTime, endTime}, n download.py

Tuple("copa-do-mundo-2014", "2014-06-01", “2014-07-31"))
n generateRData.R

val st_aggreg_config: Relation = Relation(Schema(radius, interval, busesMesh),
remove_outliers.R

Tuple{”10", "108", "malha-2014.csv")})
w = Workflow("2014CupAggregation”, () => {
rl1 = SplitMap(Activity("generate_download_info.py"), key, trajectory)
r2 = Map{Activity("download.py"), rl}
r3 = Map(Activity("generateRdata.R"), r2)
rd = Map{Activity("remove_outliers.R"), r3)
r5 = Map({Activity("create_virtual_stations.R"), st_aggreg_config)
ré = Query(CrossProduct, rd, r5)
result = Map(Activity("st_aggregation.R"), r6)
b

w.execute()

cross-product

ﬂ st_aggregation.R

4

St_dataset Joao Ferreira

Master degree

(a) (b)

Figura 2. Workflow para analise de trafego durante a COPA de 2014 : a)
Especificacao do Workflow usando linguagem Scala; b) grafo mostrando as de-
pendéncias entre as atividades
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Research project in Management
and Analysis of Spatial-Time Series

= Novel algorithms for prediction/classification and
pattern identification
» Motif identification
= Tight spatial-time sequence mining

= Explore spatial-time series applications
» Frequent pattern mining, Classification/Prediction

» Explore data management and parallel processing for
mining non-stationary time/spatial-time series

» Algebraic-based workflows for spatial-time series data
mining using Spark
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