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Outline

> Integrating mobility and meteorological data: Background and
Motivating scenario

® Challenges & requirements

> MeteoMobil: efficient system for integrating meteorological & mobility
data with QoS guarantees

o System architectural design
o Supported queries
> Deployment
o Baselines
o Testing setup
> Results and Discussion
o Engineering MeteoMobil atop Apache Spark

> Conclusion and recommended future works
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Motivating scenario

® Studying the correlation between
vehicle pollutant emissions and the
health of dwellers in metropolitan
cities
® Requires joining geo-referenced
mobility and meteorological data
(spatial join)
® Requires regular analytics of the
relationships between mobility
patterns and climate change

® e.g., Interactive heatmap
visualization

® Helps municipalities and city
officials in making strategic
decisions for the benefit of the
health of citizens |
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Requirements & challenges

Cd 1,

® To be able to perform shared PM2S Ay
analytics on mobility and | v
meteorological data altogether. — 5

o long, lat COZ\‘ o SELECT Top-3 neigbourhoods
We need to apply spatial join. , 1at, : FROM IntegratedData
PRy patiald PM10, PM2.5 WHERE PM 1080
5 AND avg(speed) < 30
® However, spatial join is 9
computationally expensive.
® Spatial data is parametrized
(longitudes and latitudes) long, lat,speed,

time

® Objects loses their geometrical
information by this transformation.

Longitude Latitude

® Bringing parametrized tuples back
into real geometries is expensive.

11.3709 445185

11.4081 44 4963
11.3477 44499
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efficient spatial join

® Filter-refine approach

- generate geocode for each / @ (irer-refie) spatil oo ™\
tuple (MBRS)

- Generate MBRs covering .
the space. (o~

- Apply a cheap MBR-join c @‘ '
(filtering step) [maz;';v

- Apply a costly join J
algorithm to on the rest to
discard false positives

(refinement step) K

PIP test /_quinemen
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MeteoMobil architecture

® MeteoMobil is a Cloud-based
efficient system for the joint
processing of mobility and
metrological data at scale.

neigbourhoods
shapefile

O Data collector gathers @D, ;
georeferenced mereological ™ Mot @éeéfgg;g;gm-
and mobility data. 1%, @ NG

. long, lat, C02, i_._)geospz‘rial__"‘i
O Geospatial encoder generate: ™% ™2 - encoder [

codes for each point. '

O Spatial join processor

a'/ .

performS the jOin. Iong,:ﬁ::espeed, {SELECT Top-3 neigbour‘hoods}@
- - FROM IntegratedData
WHERE PM10>80
O Query processor performs Interactive Map | AND avg(speed) < 30

Environment Mobility Query

interactive queries on the
unified mobility-meteorological
data.
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Heuristic overview of MeteoMobil

® Our method is equivalent to the

heuristic overview shown in
figure

® It resorts to overlaying
corresponding maps of both

datasets with a cheap equijoin

operation

parametrized georeferenced

parametrized georeferenced

~h

F
-

filter-refine spatial join
processor

environment data mobility data
longitude | latitude | PM10_value longitude|latitude |trip_type
13.5057 | 43.58 26 13.5057 | 43.58 work
13.4966 |43.5853 12 13.4966 43.5853| leisure

E- mobility point

r©wenvironment point

environmentally- !
tagged mobility point |
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Experimental setup

®  Evaluation metrics

— Running times for linear and aggregation (Top-
N) queries

— To explain results of linear queries, we adopt the
index selectivity approach.

®  Testbed

— We have deployed MeteoMobil on a Microsoft
Azure HDInsight Cluster hosting Apache
Spark version 2.2.1.

— Datasets:
* two explicit feedback rating datasets
— meteorological dataset, Urban SIS
— Mobility dataset, ParticipAct project
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Running times of MeteoMobil Vs.

baselines
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* Running times and number of records in the result set comparing
MeteoMobile against the baseline using the ParticipAct and Urban SIS
datasets. Parameters: geohash 30

» we obtain roughly 98% gain by for MeteoMobil against the baseline in terms
of number of records in the result set, with an associated reduction in running
time that is roughly equals to an average of 37%.
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Distinct number of geohashes and neighborhoods for
mobility and meteorological data
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* Number of distinct geohashes and neighborhoods in both
datasets. In the legend: ‘meteo_n’ is the distinct
meteorological neighborhoods values, while ‘mobil_n’ is the
distinct mobility neighborhoods values.

* neighborhood's range is far smaller compared to that of the
geohash values.
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Running times of Top-N queries, MeteoMobil
against the baseline
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» We specifically test on the following query: “which are the top-3 neighbourhoods in
Bologna in Italy in terms of mobility traffic where concentration of PM10 is than
12",

« our optimized methods in MeteoMobil are able to achieve a significant
performance in gain as compared to the baseline.
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Concluding remarks

® MeteoMobil is a novel efficient Cloud-based system for
environment (e.g., meteorological) and mobility data integration at-
scale.

® MeteoMobil features a novel gospatial join algorithm that
simplifies the integration. In addition, it supports SQL-alike queries
which simplifies analytics on environmentally-tagged spatial data.

® Future research should include modules for joining other data
sources for deeper insightful analytics that reflect the socio-spatial
variations. This requires joining sociodemographic data of dwellers

® Also, since mobility data is huge, geospatial approximate query
processing approaches should be considered.

— For example, a geospatial sampler that acts as a frontstage operating on an
Edge device for selecting miniscule of the data before sending it to the Cloud.
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