: . | .
Universite POLYTECH Giie Gl Q%
de LI'.'.Q LILLE Eﬁgﬁggr;\ﬂgmement | o

5555555

Master Urban Engineering and Habitat
(2020 - 2021)

Course Smart City

Ch8: Smart Natural Hazards Management

Professor Isam SHAHROUR



Use of Al in Natural Hazards Management (NHM)

Outline
— Natural Hazards Management (NHM)
— Atrtificial Intelligence (Al)
— Examples of application of Al in NHM
— Recommendations for the use of Al in NHM



Use of Al in Natural Hazards Management (NHM)

Outline
— Natural Hazards Management (NHM)



Natural Hazard risk

Vulnerability

Natural
Hazard

Exposure

RISK HAZARD X VULNERABILITY




Natural Hazard

Natural hazard refers to atmospheric, hydrologic, geologic and
wildfire phenomena that, because of their location, severity,
and frequency, have potential to affect humans.

Geological ATMOSPHERIC HYDROLOGICAL
* Earthquakes, Tsunamis * Hurricanes * Flood
e Landslides * Lightning e Desertification
e \olcanic * Tornadoes * Salinization
e Avalanche, rock falls ’ Stqrms ‘ Drought
* Wildfire e Erosion

 Subsidence

. : e sedimentation
* Expansive soils



EXposure

Facility exposure measures the economic, social and
environmental impact of the damage of the facility. It depends on:
« Use of the facility
* Looses (cost) related to its damage
* Replacement/reparation values



Economic and human impact of disasters. 2005-2014 o

Damage ($ billion) People affected (million) People killed

=008 o | 1% I 03075 G e
| and tsunamis
2006 B 290,803
2007 211 B 22,422
2008 221 P 169,737
2009 201 §l 15,980 T
2010 : 2 _2807 . 328,629
{ More than 150 million people were affected by floods
2011 212 B 30,083
| Arcund 65% of damages were caused by earthquakes
. and tsunamis with Asia losing more than $250 billion
2012 [ 11,184
Climate-refated
2013 g 21,118 disasters n 2014
2014 {7,000
Canfirmation of
- bk yaarn o
$1.4 trillion 1.7 bhillion 0.7 million Faemeis
Total damage Total people affected Total people killed

Source: UNISDR (2015).



Number of loss events 1980-2016

1980 1985

B Geophysical events
Earthquake, tsunami, volcanic activity

B Hydrological events
Flood, mass movement

B Meteorological events 5 5
Tropical storm, extratropical 2 g’l:‘ ':lar:‘?fg:f:l ;:3':;% T

storm, convectlive storm, . .
local storm wildfire MunICh RE

© 2017




Natural
disasters




Natural Hazard Management

event
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Natural Hazard Management

Disruptiv. |mpact
eevent  Appearing

|

:Original Level

System
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Natural Hazard Management

Impact
Appearing

Event

Disruptive

phase ecovefy phase

Absorbing
capability

Adaptive capability

N -— —.—.-w—. — —

1) Preparation 2) Early warning 3) System adaptation

b 1l ="




Natural Hazard Management

{ Comprehensive

monitoring
Community
involvement \
Smart City
Contribution

High control capacity
1 of built Environnement

High analysis

and equipment
* capacity (Al ..)




Smart Hazard management

Infrastructures

Buildings

Température, Humidity,
COMPI'-Ehe_nSWE Environment Pollution, Greenhouse gaz
monitoring

involvement
.
Urban services : Transport, energy, water,

Natural environment (Green

space, soil, water, air)

Community

telecommunication; education, health

Smart C|ty Social : ages, disabilities, exclusion, specific needs
Contribution
Economic activity : Industrial, commercial, ..

High control capacity

of built Environnement .
and equipment capacity (Al, ..)

High analysis




Smart Hazard management

Comprehensive

Community monitoring
involvement

Smart City
Contribution

High control capacity . )
of built Environnement High _ana|Y5|S
and equipment capacity (Al, ..)

Rapid detection of abnormal
events (Early detection)

Determination of best _
response strategies \
Interdependencies ...

Priorities

Stakeholders

How to do ?

Real - time impact



Use of Al in Natural Hazards Management

Outline

« Artificial Intelligence

16



History of Al development

1956: John McCathry:
Al Concept of Machine being able to carry
out intelligent tasks (like human)

1956 1959

Arthur Samuel
Machine Learning: a computer
program that learns from experience




Web of science records « Al » .
2000 Lack of:

- Large computation means

30000 « Efficient algorithms
25000 ) Data

20000

15000

10000 1956: John McCathry:

=000 Al Concept of Machine

1955 1965 1975 1985

1959: Arthur Samuel
Machine Learning




Artificial intelligent methods

Al: Intelligent machines that work
and act like humans

Al
Machine :E\/IL: I\/(Ijodels and algorithms that learn
Learning rom data
ANN ANN: Artificial Neural Network
Deep DL: Models and algorithms that learn from

Learning complex data (complex phenomena)




Artificial intelligent models

1 1 1

Data Algorithms Computation
. Input means
e output

Output

Parameters

Input Program
gl +1oriinm




2 Steps

Stepl: Learning from input and output ) e
data (Build the black box) t

Input

Step?2 Prediction: Use the black box npu
p N —

1

Parameters

and input parameters to determine
output parameters

Input



Data repartition
Training (about 70%): About (30%)
Build the Al model Testing and validation

The training subset should be “representative” of the global data set



Machine Learning methods

|
I ! }

Supervised Unsupervised Learning Reinforcement Learning
Learning (unlabeled data) (Agent)
(labelled data)
I 1 Identification of the Agent exploration
| structure of unlabeled _ o
Regression Classification data Actions to optimize
Continuous categorical long-term reward
value value

K Means Clustering

* Regression (linear, logistic)

« Decision tree

« Random Forest

« K Nearest Neighbor (KNN)

« Support vector machine (SVM)



Machine learning process

Data
preparing
' (cleaning)

Define Data Data Building a Model

. exploration model Evaluation

Prediction

objective collection
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Deep learning methods

'

One Perceptron

weighted inputs and gives the output.

Outputs

Transfer
Function

Xn

Artificial Neural Network

Perceptron or Artificial Neuron

'

Multilayer perceptron

Feed forward
Back propaaation

|

Deep Neural
Network

DEEP NEURAL NETWORK

Hodon . o O,
e TS B SR2= 503

|

Recurrent Neural
Network
Time series




learn

Deep = What IS re
Learning | | Deep Learnmg?"




How China Is Using Artificial Intelligence in Classrooms




Use of Al in Natural Hazards Management

Outline

« Examples of applications of Al in NDM
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International Journal of

ISPTS Geo-Information MD\Py

Review
Review of Big Data and Processing Frameworks for
Disaster Response Applications

Silvino Pedro Cumbane **) and Gy6z6 Gido6falvi

Division of Geoinformatics, Department of Urban Planning and Environment,
KTH Royal Institute of Technology, Teknikringen 10A, SE-114 28 Stockholm, Sweden

Science of the Total Environment 615 (2018) 438-451

Contents lists available at ScienceDirect

Science of the Total Environment

journal homepage: www.elsevier.com/locate/scitotenv

Flood susceptibility mapping using novel ensembles of adaptive neuro @CrossMark
fuzzy inference system and metaheuristic algorithms

Seyed Vahid Razavi Termeh 2, Aiding Kornejady ®, Hamid Reza Pourghasemi “*, Saskia Keesstra ¢

Science of the Total Environment 665 (2019) 338-346

Contents lists available at ScienceDirect

Science of the Total Environment

journal homepage: www.elsevier.com/locate/scitotenv

Meteorological drought forecasting based on a statistical model with L)
machine learning techniques in Shaanxi province, China -

Rong Zhang, Zhao-Yue Chen, Li-Jun Xu, Chun-Quan Ou *

State Key Laboratory of Organ Failure Research, Department of Biostotistics, Gumgdong Provindal Key Laboratory of Tropion! Disease Research, School of Public Health, Southen Medical Univer-
sity, Guangzhou 510515, China

Expert Systems With Applications 124 (2019) 67-81

Contents lists available at ScienceDirect

Expert Systems With Applications

journal homepage: www.elsevier.com/locate/eswa

A hybrid machine-learning and optimization method for contraflow m |
design in post-disaster cases and traffic management scenarios =

Progress in Disaster Science 2 (2019) 100033

Contents lists available at ScienceDirect

Progress in Disaster Science

journal homepage: www.elsevier.com/locate/pdisas

Regular Article

Disaster risk reduction and innovations

[

Takako Izumi **, Rajib Shaw b Riyanti Djalante ©, Mikio Ishiwatari 4 Takeshi Komino ©

* Intemnational Research Institute of Disaster Science (IRIDeS), Tohoku University, Japan

feiricd applied -
— sciences m'\DP/'f

Article
SEVUCAS: A Novel GIS-Based Machine Learning
Software for Seismic Vulnerability Assessment

Saro Lee 1200, Mahdi Panahi ', Hamid Reza Pourghasemi 3(, Himan Shahabi **

Mohsen Alizadeh 5, Ataollah Shirzadi ®), Khabat Khosravi 7, Assefa M. Melesse 3,

Mohamad Yekrangnia 9 Fatemeh Rezaie 1970, Hamidreza Moeini !!, Binh Thai Pham 12-*{ and
Baharin Bin Ahmad 5

1 Geoscience Platform Research Division, Korea Institute of Geoscience and Mineral Resources (KIGAM), 124,

Gwahak-ro Yuseong-gu, Daejeon 34132, Korea



Data sources for disaster response
« Satellite imagery,
* Wireless Sensor and Internet of Things (1oT),

« Crowdsourcing, social media, mobile GPS traces and mobile Call
Detail Record

* Images and videos from Unmanned Aerial Vehicle (Drone)
« Simulation



Crowdsourcing data and Social Media
* Related to public contribution

 Contributors are passive (public Is not aware)
* Improve disaster response and resource allocation through real-time reports.
» Soclal media are used to determine public sentiment and reaction to disasters

How would you use Social Media during natural
dlsasters7

Harvey R

DDDDDD

S A ‘"

Why People Turn to Social Media During
Natural Disasters




GPS Traces and Mobile Call Detail Record

Used for different purposes :

 Landslide monitoring (gradual changes in distances and heights),
Tsunami monitoring for damage assessment.
Earthquake management (ground deformation damages scanning)
Forest fire (map fire perimeter and damages geo-reference) SN |
Flood management (used with remote sensing and GIS for flood nis;:r; po 2
assessment, including inventory mapping, damages, flow,.) [ 06 O (BeIRION) del g

future of humanitarian action

www.ifrc.org International Federation
Saving lives, changing minds. of Red Cross and Red Crescent Societies

- W W W W

e 1
Google Maps update could save
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€ Severe Flood Situation x € Lombok earthquake
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Mobile use
INn emergency

TECH MINUTE |
DISASTER
PREPARATION APPS :




Use of Al for classification of disasters’ events

Descriptive and visual summaries of disaster
events using artificial intelligence techniques: case
studies of Hurricanes Harvey, Irma, and Maria

Firoj Alam, Ferda Ofli & Muhammad Imran

To cite this article: Firoj Alam, Ferda Ofli & Muhammad Imran (2019): Descriptive and
visual summaries of disaster events using artificial intelligence techniques: case studies
of Hurricanes Harvey, Irma, and Maria, Behaviour & Information Technology, DOI:
10.1080/0144929X.2019.1610908

To link to this article: https://doi.org/10.1080/0144929X.2019.1610908




Methodology

Tweet collection

/ \

Image content
Textual content l

: Relevance analysis
Relevance analysis l

/ \ Classification according

Sentiment Clustering to damage type
classification according to

humanitarian
Damage assessment

l intervention

Actions Actions
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Figure 4. Daily proportion of relevant and irrelevant tweets for Hurricane Harvey (left), Hurricane Irma (center), and Hurricane Maria

(right)



Sentiment analysis

Hurricane Harvey
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Figure 7. Sentiment analysis results: distribution of daily sentiment for Hurricane Harvey (left), Hurricane Irma (centre), and Hurricane

Maria (right).



Classification according to humanitarian actions

BEHAVIOUR & INFORMATION TECHNOLOGY @ 13

r' : ; :
100% Hurricane Harvey — Hurricane Irma - Hurricane Maria
80% 1 B0% 1 B0% - .
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5 S 5
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Date Date Date
B Personal update B Infrastructure and utilities damage W Affected individual
B Caution and advice B Donation and volunteering B Missing and found people

B Sympathy and support W Injured or dead people Other useful information



Feature space for the 2nd feature

Clustering: Hurricane Harvey, 27 August 2017

20

15|

10

=10}

-=15}

-20

-20 =15 ~10 =5 0 5 10 15
Feature space for the 1st feature
[a)

20

Featiire enare far the 7nd featiira

Cluster 1: Damage

Cluster 2: Personal opinion

Cluster 3: Caution and advice
Cluster 0: Other useful iInformation
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Al FOR GOOD
DISASTER RELIEF




How Al can help
after disaster ?




Thank you



Methodology

1) Collect tweets with:
- Text
- Images

2) Use of Al for:
- Tweets’ relevance
Sentiment classification
Clustering according to humanitarian actions
Damage assessment
Priority actions



Using Al to predict disasters




Innovation in disasters management

Progress in Disaster Science 2 (2019) 100033

Contents lists available at ScienceDirect

Progress in Disaster Science

journal homepage: www.elsevier.com/locate/pdisas

Regular Article

Disaster risk reduction and innovations

()
Check for
Takako Izumi **, Rajib Shaw ®, Riyanti Djalante ¢, Mikio Ishiwatari ¢, Takeshi Komino ©

® International Research Institute of Disaster Science (TRIDeS), Tohoku University, Japan



30 Innovations were selected according to experts’ recommendations
(14 products and 16 approaches)

30 innovations for DRR

Products

1 GIS and remote sensing

2 Drones

L

Social Networking services (SNS)

4 Concrete and steel: building
material and infrastructure

5 Disaster risk insurance

6 Disaster prevention radio (Bosai
musen) and telemetry system
School cum cyclone shelter

8 Seismic code

|

10

11
12

13

14

Seismic micro zonation

Earthquake early warning
for high speed train
Doppler radar

Disaster resilient material

Rainwater harvesting

Electricity resistant survey

Approaches
1 Community-based disaster risk 9 Terminologies of resilience and
reduction/management vulnerability (R&V)
2 Hyogo Framework for Action 10 Post disaster needs assessment
3 Hazard mapping 11 Transnational initiative on resilient cities
4 National Platforms for Disaster Risk Reduction 12 Mobile payment: a tool for accessing
distribution/funds after a disaster
5 Safe schools and hospitals 13 A dollar for DRR saves seven dollars in
disaster response,/recovery
6 Assessments and index approach: vulnerability 14 Traditional practices and evacuation
assessment, resilient index, sustainability behaviors
7 Crowdsourcing 15 Indigenous DRR technology
8 Sphere standard 16 River engineering



Community-based

100
%0
3;G|S Hazard Maping
60
50
40
30
20
10

11284 8 6|7 8 9 1000 12|18 % 15 16 17/ 1019 20 2| 2 23 % 5% 2 8 28 N

Fig. 2. Overall result of the survey (number of the votes gained). Total number of votes: 684 (228 answers x 3-each participant was asked to select the three innovations they
considered to be most effective).



Machine Learning & Data Science




What is Artificial Intelligence Exactly

AN

ColdFusion




Introduction to Machine Learning and Artificial Intelligence
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