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Knowledge Discovery in Big Data

§ Data	Deluge
§ Science:	astronomy,	Seismic
§ Business/Persons:	IoT,	Flights
§ Government:	Smart cities Urban	mobility

§ Challenges	for	Knowledge	Discovery	
§ Data	management
§ Data	analysis

§ Prediction,	Classification e	Pattern Identification

§ Many phenomena	are	modeled	in	space-time
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Seismic Analysis

§ 2D Slice of seismic dataset (inline 100)
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Seismic Analysis – Results

§ Motifs Analysis
§ Discovering spatial-time motifs in seismic datasets
§ Murillo Dutra master degree

§ Sequence Mining of Spatial-Time Series
§ Identification of solid spatial-time sequences
§ Riccardo Campisano master desgree

<j, j> rank 100 (a) <a, a> rank 89 (b) <a, j> rank 76 (c) <a, b> rank 59 (d)

<j, j, j> rank 775 (e) <a, a, a> rank 664 (f) <i, j, j> rank 183 (g) <a, a, j> rank 137 (h)

<j, j, j, j> rank 718 (i) <a, a, a, a> rank 282(j) <a, a, j, j> rank 206(k) <a, a, a, j> rank 131(l)

Fig. 3. Identified sequences ranked according to their density for inline 401, alphabet size 10, solid range threshold � 80% and solid block threshold � 20%.
Images from (a) to (d), (e) to (h), and (i) to (l) respectively present the four best ranked patterns for sequences of size two, three, and four.

<a, j> (a) <a, a, j> (b) <a, a, j, j> (c)

Fig. 4. Potential bright spots identified using the proposed algorithm for inline 401, alphabet size 10, � = 80%, and � = 20%. The results follow the
blue-yellow pattern produced using the previously known bright spots for this dataset. [5].

drastically when producing sequences of larger lengths when
compared to the latter.

Leong et al. [34] developed a variation of GSP algorithm
[35] over a synthetic dataset of daily events, which were
organized as spatio-temporal datasets. They evaluated the
support count for each time series location. The authors used
transactions to aggregate multiple observations by time, losing
the time information inside a same day.

In our work, we do not reduce the number of dataset
observations, preserving the original time granularity. Also, we
use both spatial and temporal dimensions to discover patterns
that are frequent into a maximal delimited space and time. To
the best of our knowledge, we do not find similar works that
studied frequent sequential patterns constrained in both space
and time from spatio-temporal datasets.

VI. CONCLUSION

This paper presented a challenging problem with high po-
tential impact: spatio-temporal sequential mining that focuses
on discovering frequent patterns, along with their constraints
of frequency in both space and time. Our formal background

provides us with the necessary conditions of such discov-
ery. We proposed STSM , a novel algorithmic principle that
performs an effective extraction of these patterns and their
spatio-temporal constraints, with high efficiency. To the best
of our knowledge, this is the first study on this topic. Our
experiments, using a real-world seismic dataset, highlighted
major insights according with the feedback of specialists in
the domain. Actually, STSM allows for extracting patterns
that follow areas of major nonconformities between geologic
boundary materials of subsurface, such as horizons and bright
spots. The existence of these discovered patterns was con-
firmed comparing them with previously known survey on this
dataset, while their meaning was assessed by a domain expert.
Owing to its novelty and the characteristics of the extracted
patterns, STSM is opening new research tracks for seismic
data analytics.

Although we have evaluated STSM algorithm using seis-
mic data, it has been conceived to be sufficiently generic for
different spatio-temporal datasets (such as IoT domain). The
plot of detected solid blocked sequences according to space
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Seismic Analysis – Research Opportunities

§ 3D Analysis (x, y, and time)
§ Solid Cube Patterns

§ Techniques for faults detection
§ Intuition that absence of solid patterns drives faults detection

§ Techniques for shape detections
§ Combinations of motifs/solid patterns

§ Comparison between motifs identification and sequence
mining
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Flight Delays

Brazilian	Flights	Dataset
Airports	Meteorological	Dataset
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Flight Delays – Results

§ Data warehouse
§ Brazilian National Flights
§ Meteorological condition

§ Identification of frequent patterns that leads to delays
§ Alice Sternberg master degree

Section 4.1) to produce an indexed dataset (ids) to be used as input for association rules generation through the function
rulesGeneration (described in Section 4.2).

Algorithm 1. Data Mining Process for Flight Delay Association Rules Generation.

1: function FLIGHTDELAYASSOCIATIONRULES DW dw
2: ids dataIndexingðdwÞ
3: return rulesGenerationðidsÞ
4: end function

1: function DATAINDEXING DW dw
2: idsch  conceptHierarchyðpchðdwÞÞ
3: idsb  binningðpbðdwÞÞ
4: idsta  temporalAggregationðptaðdwÞÞ
5: ids idsch ffl idsch ffl idsta
6: return ids
7: end function

Fig. 3. Correlation matrix considering the Pearson coefficient between all the attributes of the Brazilian flight dataset.

288 A. Sternberg et al. / Transportation Research Part E 95 (2016) 282–298

5.3. Is there any difference among Brazilian main airlines in terms of flight delays?

When analyzing the interesting rules with two attributes on their antecedent, the main delay causes for each Brazilian
airline may be found. As seen in Table 6, airlines have different behaviors and thus each ensemble of airline and cause
increases differently the chances of a new delay. Considering this set of rules of size 3, Azul is the only airline that does
not appear associated with a delay cause. Nevertheless, the ensemble Azul and departure at Guarulhos airport (São Paulo)
have 41.5% more chances of producing a new delay, suggesting that this airline may face some difficulties when operating at
this airport. It may be a problem at boarding procedures or with ground handling that should be deeply investigated in order
to improve its performance at Guarulhos (São Paulo).

The conditions presented on Table 6 may have even more chances of producing new delays when associated with other
attributes. For example, for Gol, adding prior levels of delays at the departure airports produces 208% more chances of a new
delay. Similarly, Azul operations at Guarulhos (São Paulo) are also influenced by prior high levels of delay and its flights have
103.5% more chances of being delayed under these conditions.

Brazilian main airlines present important differences when considering flight delays. Two of them seem to be
more affected by adverse meteorological conditions and one by peak demands. On the other hand, there is an airline
that seems to have good performances, without specific causes for its delays.

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
from south to north.

Fig. 8. Lift analysis of the rules containing only the year of departure on the antecedent and a delay on the consequent.

294 A. Sternberg et al. / Transportation Research Part E 95 (2016) 282–298
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Flight Delays – Research Opportunities

§ Airport delays propagation
§ On going

§ Flight delays propagation
§ On going

§ Prediction of flight delays
§ On going*

§ Replication of techniques using American datasets
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Time-Series Prediction

§ Long term prediction of sea surface temperature
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Time-Series Prediction – Results

§ Framework for analysis of prediction performance
compared to linear models

auto.arima include AR, MA, ARMA and ARIMA, besides
random-walk and white noise with drift, i.e., ARIMA(0,1,0)
and ARIMA(0,0,0), respectively.

After training LM models, we used them to predict the
next observations of the modeled time series as required by
each competition. We have measured the prediction errors over
the selected testing sets for each experiment using the error
metrics defined by their respective competitions3.

C. Analysis of the Linear Models Overall Performance

During our experiments, we have trained linear models (PR
and models in the ARIMA family) over 235 different time
series. We studied the performance of such linear models as
benchmark methods and also conducted a relative comparison
between PR and ARIMA models. The diversity of the time
series used makes our analysis less biased and helped us to
come up with overall conclusions about our proposed BM
performance. We can observe from Table III that the overall
performance of the ARIMA models was considerably superior
to PR models. However, PR was better suited for the EUNITE
dataset.

The systematic tuning of ARIMA parameters allowed us to
estimate the time series using a variety of linear models from
ARIMA family. Table I presents the ARIMA models produced
in our experiments, where most selected models were in fact
ARMA and ARIMA.

TABLE I: List of ARIMA models produced by the experiment

Model AR MA ARMA ARIMA Random
Walk

White
Noise Total

Qt. 18 17 142 26 1 35 239
% 8 7 59 11 0 15 100

Besides prediction errors, our experiments provided plots
depicting ARIMA models predictions and their confidence
intervals along with the actual data presented on the testing
sets. These graphics helped us understand our results. An
example is presented in Figure 2, where we can easily notice
the progressive stretch of the confidence interval and loss of
representativeness of the ARMA model predictions. This is
common in multistage prediction, in which errors committed
in the past are propagated into future predictions [37].

The computed NMSE errors yielded from the ARIMA
models for the time series of the Santa Fe Competition can be
observed in Table III. We can see that the ARIMA predictions
were reasonable, given that the used time series were highly
nonlinear. Particularly, we can see that the ARIMA prediction
performance was comparatively better for time series D, which
is 100 times greater than time series A, thus possessing more
data to help training the ARIMA models.

The results for the EUNITE competition are also shown in
Table III. The problem posed by the EUNITE Competition
was specially challenging as the errors of the average daily

3For further description and R code applied to each adopted competition,
please refer to our web page [10].

Fig. 2: ARMA predictions (solid line) for the time series A of
the Santa Fe Competition. The actual time series values are
represented by the dashed line.

temperatures predictions are propagated to the predictions of
the daily maximum electrical loads, which was our main
concern. Nonetheless, according to Table III, PR results were
also reasonable and outperformed the majority of results of
the competitors.

TABLE II: ARIMA models’ MSE prediction errors for each
gap of unknown values of the CATS time series

Gap 1 Gap 2 Gap 3 Gap 4 Gap 5

MSE errors 575.787 531.547 1,978.816 583.143 2,196.485

The prediction errors for ARIMA models computed for the
CATS Competition dataset are presented in Table II, where
MSE errors for each one of its five gaps of unknown values can
be observed. We applied interpolation techniques (forward and
backward ARIMA forecast) to predict the first four gaps. The
prediction errors of these gaps are much inferior when com-
pared to the one of the fifth gap, for whose prediction we could
not have applied the same interpolation techniques. Hence,
we can conclude that the improvement in the performance of
the ARIMA models when using interpolation procedures was
coherent with previous knowledge of multi-stage prediction
approaches [37].

Among the 235 time series used to train ARIMA and PR
models, 222 were obtained from the NN3 and NN5 datasets.
The box plot graphics of the SMAPE prediction errors for the
time series in the NN3 and NN5 datasets, depicted in Figure
3.a and Figure 3.b, respectively, indicate a general consistency
in the performance of the trained ARIMA models (fittest LM)
over these competitions. Furthermore, the analysis of these
graphics indicates that the mean SMAPE prediction errors
computed for these two competitions, observed in their respec-
tive rankings in Table III, are actually quite representative. This
fact reassures the validity and reliability of the comparison of
our BM’s prediction errors to the ones from methods applied
by these two competitions’ participants in their rankings.

There are two main characteristics one seeks on a satisfac-
tory BM. Firstly, it should be capable of providing a minimum
acceptable level of prediction performance and therefore en-

2343

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

Santa Fe EUNITE CATS NN3 NN5

Dataset A Dataset D Dataset A Dataset ARank
index NMSE index NMSE1 Participant MAPE

[%] Participant E1 E2 Participant Mean
SMAPE Participant Mean

SMAPE

1 W 0.02 ZH 0.08 Chih-Jen Lin 1.982 Sarkka* 408 346 Illies* 15.18% Andrawis 20.40%
2 Sa 0.08 TSPred(ARIMA) 0.54 Esp 2.149 Cai* 441 402 Adeodato* 16.17% Vogel 20.50%
3 M 0.38 U 1.30 Brockmann 2.498 Kurogi* 502 418 Flores* 16.31% D’yakonov 20.60%
4 L 0.45 TSPred(PR) 1.61 TSPred(PR) 2.779 Hu* 530 370 Chen* 16.55% Rauch 21.70%

5 U 0.62 Z 4.80 Zivcak 2.873 Palacios-
Gonzalez 577 395 D’yakonov 16.57% Luna 21.80%

6 A 0.71 C 6.40 Kowalczyk 2.985 Maldonado* 644 542 Kamel* 16.92% Wichard 22.10%
7 McL 0.77 W 7.10 Lewandowski 3.223 Simon* 653 351 Abou-Nasr 17.54% Gao 22.30%

8 TSPred(ARIMA) 0.90 S 17.00 Kowalczyk 3.264 Verdes* 660 442 Theodosiou* 17.55% Puma-
Villanueva 23.70%

9 TSPred(PR) 0.99 Ortega 3.380 Chan* 676 677 TSPred(ARIMA) 17.79% Dang 25.30%
10 N 1.00 King 3.388 Wichard* 725 222 de Vos 18.24% Pasero 25.30%
11 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 1.50 TSPred(ARIMA) 3.820 Cellier* 1050 278 Kurogi* 19.00% TSPred(ARIMA) 27.80%
15 Y 1.50 Boger 3.958 Crone* 1156 995 Beadle 19.14% Tung 28.10%
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%
18 Brockmann 4.373 Yen-Ping* 1425 894 Isa 20.00% undisclosed 41.30%
19 Pelikan 4.437 TSPred(PR) 7387 6778 C28 20.54% TSPred(PR) 41.50%

20 Rivieccio 4.502 Duclos-
Gosselin 20.85% undisclosed 45.40%

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%

* et al.
1 NMSE error for the 15 first predicted observations

(a) Prediction errors of the NN3 Competition dataset

(b) Prediction errors of the NN5 Competition dataset

Fig. 3: Box Plot of ARIMA’s SMAPE prediction errors for all
time series in the NN3/NN5 Competition dataset (Dataset A)

able the evaluation of the practical viability and expediency
of a prediction method. Additionally, a reliable benchmark
should be able to offer a way to expose the merit of a time
series prediction method that presents higher performance.

According to our experimental results, the fittest LM pro-
vided by the package TSPred fulfill the role of an adequate
BM. Table III presents prediction errors rankings for the top
25 methods in all competitions. It is possible to observe
that TSPred’s fittest LM maintained an average rank. MLM
presenting performance below the fittest LM clearly demand
further refinement. Furthermore, prediction errors of the tuned
fittest LM models ratified the importance of results from the
top ranked methods, which were significantly superior.

VI. CONCLUSION

Although the importance of using a benchmark process to
help in the evaluation of time series prediction methods is
well known, it is often neglected. To address this problem, this
paper presents a benchmarking framework to ease the process
of evaluating the performance of MLM against a fittest LM
during time series prediction modeling. The framework was
developed within the R-package named TSPred to automate
the nontrivial task of tuning and selecting a fittest LM, among
PR and models in the ARIMA family, which is then used
as benchmark for MLM. Thus, we minimize the risk of
improper tuning of LM, and consequently, biased performance
assessment of MLM to which it is compared.

We have performed a set of experiments using datasets se-
lected from past time series prediction competitions, allowing
the study of the fittest LM provided by TSPred (used as BM)

2344
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Time-Series Prediction – Results

§ Effect of temporal aggregation for long-term prediction
of sea surface temperature
§ Scientific Initiation of Rebecca SallesR. Salles et al. / Ecological Informatics 36 (2016) 94–105 103

Fig. 7. Graphic of the victories of each prediction approach regarding their perfor-
mances in generating up to twelve weekly aggregated forecasts.

for prediction, even if it is not in the same time unit as the targeted
forecasts.

6. Conclusions

Predicting SST of the Atlantic Ocean is important for govern-
mental agencies and society to get ready for future occurrences of
extreme events, such as droughts. Improving the prediction of SST in
different horizons becomes a key issue. This paper evaluated the use
of temporal aggregation and its consequences in different prediction
horizons for SST. In addition to the daily SST data coming from the
PIRATA project, we have modeled and evaluated weekly and monthly
derived time series to assess the impact of temporal aggregation in
predicting step-ahead SST observations. This paper also explored dif-
ferent training dataset sizes. This becomes important when data is
collected by sensors (IoT sensors) where missing data may interfere
the training datasets size.

Our study consisted on measuring the difference between pre-
dicting at high frequency (daily time series) and then computing

Table 6
Results of statistical comparison (p-values) between PrePred and PostPredW, regarding
their performances in generating weekly aggregated forecasts.

Prediction
horizon [weeks]

Size of training set [years]

1 2 3 4 5 6

1 0,85 0,00 0,01 0,08 0,42 0,20

2 0,16 0,00 0,00 0,00 0,05 0,00

3 0,02 0,00 0,00 0,00 0,01 0,00

4 0,00 0,00 0,00 0,00 0,00 0,00

5 0,00 0,00 0,00 0,00 0,00 0,00

6 0,00 0,00 0,00 0,00 0,00 0,00

7 0,00 0,00 0,00 0,00 0,00 0,00

8 0,00 0,00 0,00 0,00 0,00 0,00

9 0,00 0,00 0,00 0,00 0,00 0,00

10 0,00 0,00 0,00 0,00 0,00 0,00

11 0,00 0,00 0,00 0,00 0,00 0,00

12 0,00 0,00 0,00 0,00 0,00 0,00

PostPredW is statistically superior to PrePred.

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

the aggregated data (weekly and monthly predictions derived from
daily predictions) versus predicting directly from aggregated data
(weekly and monthly time series derived from daily predictions).
Additionally, for the sake of fair comparison, we used ARIMA model
as prediction method for both PrePred and PostPred in order to focus
on measuring the influence of the temporal aggregation. Addition-
ally, we adopted Random Walk as a baseline prediction model as a
way to measure the quality of both PrePred and PostPred. We evaluate
the influence of temporal aggregation over the one-year-ahead pre-
diction of SST observations. The choice of such prediction horizon
was constrained by the quality of the available SST time series, which
prevented us from using longer intervals as training data. Never-
theless, the methodology presented by the article can be explored
to provide future SST aggregates with longer prediction horizons,
covering many-years-ahead of SST observations to support decision
making in the context of extreme weather events anticipation. Our
results point out that such methodology adaptation may become a
feasible option when a suitable amount of uninterrupted SST training
data is available.

Although in our review of the literature, we have observed that
PrePred is the most adopted approach during SST predictions, our
experimental analysis pointed out that it was generally outper-
formed by Random Walk in both weekly and monthly forecasts. Such
behavior did not occur when using PostPred. When the training set
size was greater than two years, PostPred outperformed Random
Walk. Additionally, we have made statistical tests under different
forecast horizons between PrePred and PostPred and in the majority
of the cases, PostPred was statistically significantly better than
PrePred. PrePred was only competitive when both prediction horizon
and training set size were small.

This paper highlights the influence of the prediction horizons
and the size of training datasets over the possible benefits of the
application of the temporal aggregation for SST prediction, especially
when there is significant disparity in the statistical characteristics
of the available time series, scenario which precludes the direct
usage of most prior knowledge on the influence of temporal aggre-
gation to time series prediction. Our work is complementary to
the many other reviewed researches in SST prediction, since it
highlights the value of performing a further study of the need
for temporal aggregation when conducting SST predictions. Not
only can our results be used as criteria for devising SST prediction
experiments, but also our methodology may serve as ground for
future studies of the practical value of different temporal aggre-
gation strategies in SST prediction under different SST datasets
size.
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Time-Series Prediction – Research Opportunities

§ Expansion of framework prediction for machine learning
methods
§ On going

§ Study of different preprocessing methods for supporting
non-stationarity
§ On going

§ Creation of novel methods for non-stationarity for
machine learning methods
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Urban Mobility

Approximately	more	than	4	million	of	observations	per	day
Bus	as	trajectory	sensors

Spatial-Temporal	Aggregation:	Regions	as	virtual	sensors
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Urban Mobility – Results

§ Data collection (done by UFF)
§ Data Cleaning, Spatial-Time Aggregation
§ Preliminary Analysis of Anomalies

§ Ana Beatriz Cruz Master Degree Theme

Este processo foi implementado como um workflow. Dado o cenário de larga
escala de dados e a necessidade de processamento de alto desempenho, o workflow de-
senvolvido em Apache Spark. O encadeamento do workflow foi implementado em Scala.
As atividades foram escritas em Python e R [Ferreira et al., 2017] e invocadas a partir da
especificação em Scala.

4. Avaliação Experimental
A Metodologia descrita na seção 3 foi aplicada sobre o perı́odo de dois meses: julho e
agosto de 2014. O mês de julho teve em média 2.961.726 observações diárias, enquanto
que a média de observações diárias de agosto é de 3.403.180. Inicialmente, para cada
mês, foram calculados os intervalos tı́picos. A metodologia de identificação de anoma-
lias aplicada sobre o mês de julho resultou na identificação de 42.050 anomalias. Esse
volume representa aproximadamente 1,03% das observações. Em agosto, foram identi-
ficadas 38.843 anomalias, volume que representa aproximadamente 1,07% da base com-
parada. Também aplicamos os intervalos tı́picos computados em julho para servir de
base de comparação relativa com as observações do mês de agosto. Desta forma, foram
identificadas 64.041 anomalias, correspondente a 1,76% do volume da base comparada.

A Figura 1 ilustra a quantidade de anomalias por área de planejamento da cidade
nos perı́odos estudados. Embora as análises sobre meses de julho e agosto individual-
mente indiquem a maior concentração de anomalias na área de planejamento da Zona
Norte do Rio de Janeiro, a comparação relativa entre agosto e julho mostrou que o maior
número de anomalias ocorreu na área de planejamento da Zona Oeste, seguida pela Zona
Norte. Na Zona Norte, o maior número de anomalias aponta para um aumento da velo-
cidade média, enquanto que na Zona Oeste, a maioria das anomalias identificadas indi-
cam o aumento de engarrafamentos. As anomalias que indicam redução da velocidade na
Zona Oeste, concentram-se principalmente nos bairros de Guaratiba, Santa Cruz e Campo
Grande, que, juntos, representam aproximadamente 71,93% das anomalias de lentidão na
Zona Oeste e 23,8% das anomalias de lentidão de todo o Rio de Janeiro.
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Figura 1. Anomalias identificadas por
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As anomalias abertas por dia da semana podem ser vistas na Figura 2. Um resul-
tado esperado é que ocorram aumentos significativos de velocidades aos domingos. No
mês de julho, em especial, anomalias que indicam o aumento da velocidade média são
maiores nas terças. Esse comportamento especı́fico do mês de julho ocorreu por causa
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Figura 2. Anomalias identificadas por dia da semana
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da Copa do Mundo, que teve alguns de seus jogos no Rio de Janeiro. Nesse mês, os dias
08/07/2014 e 04/07/2014 foram os que apresentaram mais anomalias de maior velocidade.
O dia 08/07/2014 (terça feira) foi o dia do jogo entre Brasil e Alemanha nas semifinais
da Copa do Mundo. O dia 04/07/2014 (sexta feira) foi feriado devido à Copa do Mundo.
Foi identificado ainda um volume de anomalias que indicam diminuição de velocidade
no domingo superior ao volume da análise sobre o mês de agosto e a comparação entre
o mês de agosto e julho. Esse comportamento anômalo foi observado em função de pro-
testos que ocorreram na cidade no dia 06 de julho, da 14a parada gay que ocorreu no dia
20 de julho e da demolição do último segmento do Elevado da Perimetral, interdição da
Avenida Rodrigues Alves e alteração no percurso de diversas linhas de ônibus no dia 27
de julho.

As anomalias abertas por faixa de horário, comparando-se agosto versus julho,
podem ser vistas na Figura 3. A partir desta comparação, foram identificadas anomalias
que indicam o aumento da velocidade média em horários considerados de pico como o in-
tervalo entre cinco horas da tarde e oito horas da noite. No perı́odo entre seis e oito horas
da manhã, apesar do número de anomalias que indicam velocidades maiores ser superior
ao número de anomalias que indicam diminuição da velocidade média, pode-se observar
o aumento gradual do número de anomalias que indicam velocidades mais lentas. Esse
aumento gradual de anomalias culmina na maior proporção de anomalias de diminuição
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Figura 3. Anomalias identificadas por faixa de hor

´

ario (ago v julho)

da Copa do Mundo, que teve alguns de seus jogos no Rio de Janeiro. Nesse mês, os dias
08/07/2014 e 04/07/2014 foram os que apresentaram mais anomalias de maior velocidade.
O dia 08/07/2014 (terça feira) foi o dia do jogo entre Brasil e Alemanha nas semifinais
da Copa do Mundo. O dia 04/07/2014 (sexta feira) foi feriado devido à Copa do Mundo.
Foi identificado ainda um volume de anomalias que indicam diminuição de velocidade
no domingo superior ao volume da análise sobre o mês de agosto e a comparação entre
o mês de agosto e julho. Esse comportamento anômalo foi observado em função de pro-
testos que ocorreram na cidade no dia 06 de julho, da 14a parada gay que ocorreu no dia
20 de julho e da demolição do último segmento do Elevado da Perimetral, interdição da
Avenida Rodrigues Alves e alteração no percurso de diversas linhas de ônibus no dia 27
de julho.

As anomalias abertas por faixa de horário, comparando-se agosto versus julho,
podem ser vistas na Figura 3. A partir desta comparação, foram identificadas anomalias
que indicam o aumento da velocidade média em horários considerados de pico como o in-
tervalo entre cinco horas da tarde e oito horas da noite. No perı́odo entre seis e oito horas
da manhã, apesar do número de anomalias que indicam velocidades maiores ser superior
ao número de anomalias que indicam diminuição da velocidade média, pode-se observar
o aumento gradual do número de anomalias que indicam velocidades mais lentas. Esse
aumento gradual de anomalias culmina na maior proporção de anomalias de diminuição
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Urban Mobility – Research Opportunities

§ Persistence and Querying
§ Trajectory or Aggregated analysis
§ Identification of Patterns, Anomalies, and Paradigm
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Parallel and Distributed Execution Using Spark

§ João Ferreira Master Degree Theme

ETL de exemplo, o workflow faz uso apenas de três operadores: (i) SplitMap, (ii) Map,
(iii) Query. No SplitMap, representado por T  SplitMap(Y,R, a), tem-se que a ati-
vidade Y produz um conjunto de tuplas na relação de saı́da T para cada tupla consumida
na relação de entrada R. O conjunto de atributos a identifica as composições das tuplas
produzidas na operação de split. Na linha 6 do exemplo, para o intervalo estabelecido na
relação trajectory, são criadas 61 tuplas para coleta dos dados de mobilidade dos ônibus
correspondente a cada dia do perı́odo de 1 de junho de 2014 a 31 de julho de 2014.

As operações envolvendo Map, seguem a notação T  Map(Y,R), onde a ati-
vidade Y produz uma única tupla na relação de saı́da T para cada tupla consumida na
relação de entrada R. Isto ocorre nas linhas de 7 a 10 e na linha 12 do workflow. Na linha
7, para cada dia, faz-se o download efetivo dos dados de trajetória dos ônibus. Trata-se
de um arquivo zip contendo um arquivo JSON por minuto. Em cada JSON, tem-se a
localização de todos os ônibus em transito no Rio de Janeiro. Na linha 8, cada arquivo zip
é processado e produz-se um arquivo RData com as observações minuto a minuto de to-
dos os ônibus para aquele dia. Esta atividade remove os registros duplicados. Na linha 9,
faz-se uma remoção de outliers por distribuição (velocidade instantânea, posicionamento
e distância percorrida). A linha 10 produz as estações virtuais, considerando-se um raio
para agrupamentos dos pontos de ônibus, a partir da malha de pontos de ônibus da cidade
do Rio de Janeiro [Silva et al., 2016].

(a) (b)

generate_download_info.py

download.py

generateRData.R

remove_outliers.R

create_virtual_stations.R

cross-product

st_aggregation.R

trajectory st_aggreg_config

St_dataset

1

2

2

2

4

5

3

Figura 2. Workflow para análise de tráfego durante a COPA de 2014 : a)
Especificação do Workflow usando linguagem Scala; b) grafo mostrando as de-
pendências entre as atividades

A operação de Query, representada por T  Query(Y,R1, ..., Rn), consome um
conjunto de relações para produzir uma única relação de saı́da T . A atividade Y descreve
uma consulta sobre as relações de entrada {R1, ..., Rn}. Na linha 11, por exemplo, faz-se
o produto cartesiano da relação r5 com a relação r4, i.e., faz-se uma combinação entre os
arquivos RData preprocessados e as opções de configurações para agregações espaço-
temporais [Silva et al., 2016].
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