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Motivation ::: Geo-5Sensors
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http://www.toradex.com/En/Products/USB_Sensors_and_Peripherals/Oak_USB_Sensors/Atmospheric_Pressure
http://www.toradex.com/En/Products/USB_Sensors_and_Peripherals/Oak_USB_Sensors/Humidity_and_Temperature
http://static.sparkfun.com/images/products/08661-01.jpg

Technical Geo-Sensors
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Geo-Sensor Networks ::: Real-time GI

EE U EIT TN

Bernd Resch it 20 April 2017 4



Geo-Sensor Networks ::: Real-time GI

_ Air Quality
= Mobile sensor network

= City-wide air quality
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Human Sensors

Bernd Resch ‘5",1'{’5"35&7,5{; 20 April 2017



Motivation ::: Collective Sensing

NEW YORK FLICKR PHOTO DENSITY

REAL TIME 12:56
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Motivation ::: Collective Sensing

= .usage of
Twitter data
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Social Media in Crisis Management
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Estimating Disaster and Damage Footprints

= Current approaches: temporal lag, limited resolution,

lacking information for change detection

= Crowdsourced data: instant
availability, in-situ information

= _..but: uncertainty, unstructured
and non-standardised information,
diverse data types

Bernd Resch [AIVERSITAT 20 April 2017
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Estimating Disaster and Damage Footprints

Number of Tweets per Minute during the Night of the Earthquake in
the Region San Francisco and Napa (23.08.14-24.08.14)
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Source: Resch, B. and Uslander, F. (under review) Automated Damage Estimation after Natural Disasters through Semantic
and Geospatial Analysis of Social Media Posts. Cartography and Geographic Information Science (CaGIS).

Bernd Resch UNIYERSITAT 20 April 2017 11



Estimating Disaster and Damage Footprints

= 17 August 2014 = 24 August 2014

Source: Resch, B. and Uslander, F. (under review) Automated Damage Estimation aftér'Na e
and Geospatial Analysis of Social Media Posts. Cartography and Geographlc Informatlon Scnence (CaGIS)
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Estimating Disaster and Damage Footprints

= Cascading
LDA

+ LDA
earthquake
topic:
43,3%

Source: Resch, B. and Uslander, F. (under review) Automated Damage Estimation aft
and Geospatial Analysis of Social Media Posts. Cartography and Geographic Information Science (CaGIS).

Topic . . AT
P Interpretation of Topic Word Distribution
Number
| hauake in the nigh 0.326*earthquak; 0.045*california; 0.032*wake;

1 Feel Earthquake inthe night | >4 +fee): 0.019*report; 0.018*usg; 0.015*shit;

0.015*holi; 0.013*area; 0.012*sanfrancisco
Report about Earthquake last | 0.238*earthquak; 0.071*feel; 0.060*sleep;

2 night in the morning 0.026*wake; 0.020*last; 0.019*night; 0.012*morn;
0.012*right; 0.009*damn; 0.009*good
0.110*earthquak; 0.068*napa; 0.057*damag;

3 Damage Report 0.050*california; 0.020*northern; 0.016*colleg;

ge Rep 0.012*love; 0.010*magnitud; 0.009*north;
0.009*report
0.071*earthquak; 0.046*challeng; 0.037*bucket;
4 Bucket Challenge eartngua chareng ucke

0.030*napa; 0.028*near; 0.025*hit; 0.020*nomin;
0.020*white; 0.017*worri; 0.012*stand
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Estimating Disaster and Damage Footprints
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Hot Spots of EQ-related
Tweets
Cold Spot - 99% conf.

I Cold Spot - 95% conf.
I Cold Spot - 90% conf.
Il Not Significant
I Hot Spot - 90% conf.
I Hot Spot - 95% conf.
Hot Spot - 99% conf.
USGS EQ Footprint -
Intensity in % of PGA
I Not Felt (<.17 %g)
B Weak (.17 - 1.4 %g)
0 Light (1.4 - 3.9 %g)
Moderate (3.9 - 9.2 %g)
Strong (9.2 - 18 %g)

Very Strong (18 - 34 %g)

Severe (34 - 65 %g)
Violent (65 - 124 %g)
Extreme (>124 %g)
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Source: Resch, B. and Usldnder, F. (under review) Automated Damage Estimation
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Hot Spots of Damage-
related Tweets
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Catchments from Mobile Networks
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Catchment Areas from Mobile Networks

= Catchment areas of medical facilities
+ Essential for estimating the quality of a health-care system

+ Maximise the efficiency of health service provision

= Current approaches: far-reaching assumptions about a
hospital’s patients by applying census data, travel times or
gravity models

= Anonymised mobile and landline phone data
- Identify areas, in which people use a hospital

Bernd Resch [AIVERSITAT 20 April 2017
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Catchment Areas from Mobile Networks

= Data sources
+ 117 hospitals digitised

+ Call data records
4,000 antennas 2.5 billion calls, 6 months

+ OpenCellID cells

Resch, B., Arif, A., Krings, G., Vankeerberghen, G. and Buekenhout, M. (2016) Deriving
Hospital Catchment Areas from Mobile Phone Data. GIScience 2016, Montreal, Canada.
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Caura
Chest Hospital
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Resch, B., Arif, A., Krings, G., Vankeerberghen, G. and Buekenhout, M. (2016) Deriving
Hospital Catchment Areas from Mobile Phone Data. GIScience 2016, Montreal, Canada.



Catchment Areas from MobiLgEr=essSeg

= Determining service areas
for mobile cells

= Identifying calls to hospital
landline numbers

= Identifying calls to and from cell
phones located within a hospital

= Computing the catchment
areas for each hospital

Resch, B., Arif, A., Krings, G., Vd
Hospital Catchment Areas from Mobilé

Bernd Resch UNIYERSITAT 20 April 2017 21



(OB Port of Spain General Hospital -

<= 1397
<= 800

© Port of Spain General Hospital
Hospital / Health Centre

T T (i, getad, O i Gestuny avelatae.
P e el

San Fernando General Hospital o

© San Femando General Hospital
Hospital / Health Centre

— e, BT nt e, g, O O rsatiieg) oattaties,
D el Su U e oewrdly

Caura Chest Hospital )

© Caura Chest Hospital
Hospital / Health Centre

Eard ELTL (ki minpenie, O Cpudraaliep critates.
wal De A ew angewly

.........

(UN Sangre Grande General Hospital =

© Sangre Grande General Hospital
Hospital / Health Centre

T, e, ampmntm, O (peassaliiey, srtitaton,
- P 2" e ssevely




Urban Emotions
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Urban Emotions ::: Idea

Extraction of Emotion
Information

Acquisition of Context-Dependent Human Emotions

Crowdsourced Data Correlating Crowdsourced Data,
) Social Media and VGI Subjective Observations and
_ — Objective Measurements
[
flickr
Data
Subjective Observations Management

People as Sensors App | I

Objective Measurements
Wearable Sensors

Bernd Resch Al it 20 April 2017
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Urban Emotions ::: Twitter Emotions

= Extracting emotions from unedited text (social media)

X

g Gold

Annotation Standard

Similarity Graph Graph-l‘fased Labelled =
. A Machine Evaluation
Computation Construction - Tweets
Learning

Pre- - Unlabelled

processing g Tweets

D )

Classified

Unclassified

Resch, B., Summa, A., Zeile, P. and Strube, M. (2016) Citizen-centric Urban Planning through Extracting Emotion
Information from Twitter in an Interdisciplinary Space-Time-Linguistics Algorithm. Urban Planning, 1(2), pp- 114-127.
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Tourist traffic at
Fenway already
terrible

“A crowded T of
heavy hearts and
sad faces, it hurts
to see how shaken

we are.

Holy shit the traffic on Comm Ave
is ridiculous. Thanks to those
goddamn shit sox or whatever

that soccer team is called. | g A ’ ; ClaSS|f|Ed
y Gl y

a y | L4
Resch, B., Summa,-A.; Zeile, P. @ (SEflibe, M. (2016) Citizeli @ i lirough Extracting-Emotion el I Iotlons
Informationfrom Twitter in an Interd flinary. Space-Time-Lingu ‘ﬂ' &y 4 ;. UrbatePls %g, 1(2), pp. 114-127.
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U-mat: H-SOM (derived from Geo-Som BMU)
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