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Hyper-resolution Model and Existing Datasets
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Hyper-resolution Urban Flooding Model



Social Media Data

Streamed Twitter Data:
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Live Map to Monitor Urban Flooding

Wang et al., Computers and Geoscience, 2018
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Deep Learning to enhance
application of social media data in
flooding management

How can we use social media data more effectively?
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e A Twitter dataset was collected

* August 18, 2017 to September 22, 2017
e 7,041,794 tweets and retweets
e 43.2 GB data in the format of JSON

R

7537 are geo-tagged



Two types of data flow
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First-hand Situation

Awareness Tweets Wang et al., IEEE Access 2020
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Disaster Management Phase is used to
categorize social media

* “Preparedness, Emergency Response, Recovery, Mitigation”

e “Caution, Advice, Fatality, Injury, Offers of Help, Missing, and General
Population Information” (Vieweg, 2012)

e “Caution and Advice, Casualty and Damage, Donation and Offer, and
Information Source” (Imran et al., 2013)

* “Preparedness, Emergency Response, and Recovery” (Huang and Xu,
2014)



Categ

orization with a keyword list

Table 1. Tweet classes and keywords during different disaster phase,

Phase Category Reywords Report Information about
beprep, gear up, get ready, humicaneprep,
hurmcancpreparation, in ready for, prep for, preparation, getting ready, efc.,
prepare preparation, prepare, prepared, preparedness, without mentioning specific
prepanng, prepping, readiness, ready for, actions{such as heading to a store)
Preparedness .
sandyprep, sandy preparation, stormpeep
plans emergency plan emergency plans
snuggled up safely mside, stay home, stay inside,
shelter in place v ’ ’ " staying home and keeping safe
stay safe, staysafe
checklst, fill up tub, frankenstorm supphes, go to
PLACE, grocenies, grocery shopping, head to
PLACE, humcane necessaties, hurncane shop,
. hurnicane supphies, kits, pick up PLACE, prep kit,  actions in stocking up goods, food,
StoC
> sandy essentials, sandy nocessatics, sandy wols, etc., in a store
provissons, sandy supplics, sandybags, shopping,
stock, stocked, stockmg, storm necessitics, stornm
supphies, survival kit, tool kit, trip 1o PLACE
charging clectrical products (¢.g.,
candle, candles, charge power, flashlighs, e (s .
_ . phones and notebooks), or purchasing
prepare for outage flashlights, generator, gencrators, in case of ‘
generators, candles, flashhghts, etc.,
power outage
in case of power outage
_ _ keaving the home or city, seeking
cvacuale, evacuated, evacuating, evacuation, } _
. refuge, sleepang outside, or staying
cvacuee, bead away from, leave home, leaving - |
cvacuation . . . with friends or involving police
city, police ask keave, secking refuge, sleep N
_ o asking citizens 1o evacuate the
outside, stay with friends , .
potential flooding zone.
, _ _ | advice for behavior dunng
up frankenstorm tip, hurncane ups, storm tup .
the disaster
crisis response map, following news, Google's
- _ g. _ ¢ momstonng and tracking the status of
map of resources and information, hurncane sandy , ,
cvent tracking the disaster event by watching the

live air travel updates, map, service alert, track,
tracking, watch nbe, weather channel

news from TV or other sources



lmage classification

Impact: first-hand onsite witness of Preparedness: flood warnings, r -
flood scenes that can be found in sodal | preparedness tips, and forwarded Response: forwarded media repons about
media only. weather forecasts. flood events and rescue activities.
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Computer Vision Schemes: CNN and ResNet

* We randomly selected 6542 images from a Twitter database
* Impact: 4617/
* Preparedness: 772
* Recovery: /9
* Response: 1074

200 pm
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Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Conwvolution f—&
,—* -
(S:dS):;;?el Max-Pooling (5 :J‘d 5) ";;'.‘" Max-Pooling (with
valid padding (2x2) valha padding (2x2) dropout)
| | 1
3' e’
= : ResNet
. INPUT ' nl channels n2 channels n2 channels -
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C N N n3 units

11



TruePositive

CV p e rfO rrmance Precision = TruePositive + FalsePositive

TruePositive

Recall =

TruePositive + FalseN egative

Pl — 9« Precision x Recall

Precision + Recall

TABLE 1: Computer Vision performance (P: Precision; R: Recall: F: F1-Score).
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Wang et al., IEEE Access 2020
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Daily Volume Time Series
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é classified
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- (“ 7
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500 -
" 4,454 to the “Response” category.
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Flow chart

Twitter APl Streaming I

with Keywords

t

Attached Photos

| GeoNames | : l
. i Category Catagory
Geolocating Impact Recovery
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. . . |
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Geoloc:‘t:: Tweet G’f‘:‘:‘::" Phase Transition Trend

Awareness Tweets Wang et al., IEEE Access 2020
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Combination of NLP and Computer Vision

* Two location information types:
* Tweet-from location
* Tweet-about location

Geoparser:
* NLP

* Natural Language Processing (NeuroNER)

* Local Gazetteer
 GeoNames (the most comprehensive gazetteer): city and town names

e TIGER: road network names

Wang et al., I[EEE Access 2020
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First-hand withess photos

* Manually picked from the “Impact” category to shrink the dataset to
698 high-value images

* Wide spectrum of emergency issues: flooding in nursing houses, flood
trapped animals (e.g. horses, dogs), unusual animal presence in the
city such as crocodiles, snakes, and fire-ants, the emergency of
fountaining sewer manholes, road damages, and indoor floods.

Wang et al., I[EEE Access 2020
23



Manual processing for comprehensive situation
awareness and a passive hotline

«

e 9 a0 1
0 WS 2TSANGD 85494
WES 17TITITIONSGA, NI% S00TETIGN0228 Mﬂmuwmm Wi KT . No By 0 o0 ot
oo ‘ool W}”nﬁmﬁmno” or & whie. Miarvey 10y
earvey 2017 e W ST INTTIMTTS
. W GOZIINAR 1 T4 0ees 77 Vion Aug 28 1839 13 +0000 2007
. <z Bun Aug 27 S 4328 +0000 2017
High level
a0
address help
0 0 &0 0o

shrink the pool

WEE QOSEACTS BB, NS TEG247T00300802

eat WNWN‘vMWMnW mew c
ot of weber 5

o OO0 TRI T2 1T

St Al 27 220850 «0000 2017 $20
- > x< . Yutmmmmamu)hmtmpm
ml ¢ Marharer Ta P50 BHousiond oo ' !

SO 14000500040
NS A 78 95 1547 «0000 2017

PO
198 .-

X0 W<

Pt
LS

0 2 X B0 &8 W =

Wang et al., I[EEE Access 2020

A I ) a0 WO -x
0 ) 24

X0

»o



What's the best use of Al-processed tweets?

* High uncertainty makes mapping difficult
* Difficult to be used to map inundation
e Difficult to be used to calibrate and validate numerical models

* Good to
e Capture phase transition for disaster management
e Establish passive hotline

Wang et al., I[EEE Access 2020
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A recent disaster

Extracting information from almost no data

27



Edenville Dam Collapse

* On May 19, 2020, 5:46 p.m.

* Due to massive inflow from heavy rains in the area,

* The eastern side of the dam collapsed.

* Governor declared a state of emergency, and

e announced an investigation into the dam's operators.

* Over 10,000 local residents were ultimately evacuated during
the COVID-19 pandemic.

28



Source: fox2detroit .



Source: Detroit news



On the TV ne

FED: EDENVILLE DAM HAD ISSUES FOR YEARS
= %Y




Final video

Please find more details at:

https://youtu.be/2KbMETrItME

or

https://www.bilibili.com/video/BV1vV411k7pU/




Announcement of ARIC 2020

ARIC 2020

28th ACM SIGSPATIAL
International Conference on Advances

in Geographic Information Systems
(ACM SIGSPATIAL 2020)

Tuesday November 3 - Friday November 6, 2020

https://urbands.github.io/aric2020/

Deadlines
Paper submission: August 15th, 2020

Acceptance decision: September 15th, 2020

Camera ready version: September 30th, 2020
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CAWRA

* Website: cawra.net
* To subscribe our mailing list: send email to

Hui Rui huirui0821@gmail.com

* Looking for new webinar speakers
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