data for disaster response and recovery
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Human moblllty during Great East Japan Earthquake,l/n Tokyo

« Mobile phone GPS of 3~10% of populatlon \J.f’ A
* Detection of home on<pIace V|$|té t? places , A

Earthquake hits
at 2:46PM

12:47:00



I (Near-)Real time mapping of evacuation hotspots

« Joint effort with Yahoo Japan, long-time collaborator (3 day turnaround)

* |[dentified ‘hidden’ evacuation shelters during Kumamoto Earthquake (2016)
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“Essential Infrastructure” (Cabinet Office)
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Nicholas Jones
GFDRR, World Bank
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I Going more longer-term: displacement and return

* "Displaced” = individual stayed the night away from home area

Hurricane Maria (Puerto Rico)

Everyone displaced 1.0
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Yabe, T., et al. Understanding post-disaster population recovery patterns. Journal of the Royal Society Interface (2020) S



I Universal patterns of population recovery

Everyone displaced
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recovered quicker
than others!

Yabe, T., et al. Understanding post-disaster population recovery patterns. Journal of the Royal Society Interface (2020)




I Impacts of disasters on businesses

Walmart in San Juan, Puerto Rico

Irma

Maria
Predicted and Empirical //

12000 -

10000 - o @
Visits 8000 1%, tmled 219
6000 SN/ A ARV
a000] P IV of "tf ¥ Ve
2000 -

0 o

— Predicted ®

/ May Jun
Predicted - Observed

Aug Sep

Point-Wise Impact ¢; ;

1.0 A

O.S-r

oo i ,_".r"n"

—0.5 4

—1.0 A

"Lhullwl a0 (T L AV YT nlﬁ

mmu.‘ul A

. ( Y Pdst-disdster
i s/ decrease

May Jun Jul

Aug Sep Oct Dec

Yabe, T., et al. Quantifying the Economic Impact of Disasters on Businesses using Human Mobility Data: a Bayesian Causal Inference

Approach. EPJ Data Science (2020)



I Impact assessment by industry sector, region
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Approach. EPJ Data Science (2020)



Open-source development of code # Mindgarth

THE WORLD BANK

\ | WORLD BANKGROUP

Rapid assessment in Mexico City
after Puebla Earthquake

Open-source toolkit ‘Mobilkit’

¢ mobilkit
pip install mobilkit

https://github.com/GFDRR/mobilkit

Cuegnavaca

Yabe, T., et al. Mobilkit: A Python Toolkit for Urban Resilience and Disaster Risk Management Analytics using High Frequency Human
Mobility Data. in Journal of Open Source Software.


https://github.com/GFDRR/mobilkit

I Synthetic human behavior data generation

* |ssue with current data: proprietary ownership & privacy risks

« So far ... creation of synthetic & open data of people movement*
* Inverse reinforcement learning to learn behavior from past data

06:00 09:00
Tokyo Fukuoka Kyoto
o8 wlm. & o5 towm 3 _.'.'_' o
15:00 18:00 : e y PN o =
x ., ) -

How can we ‘translate’ mobility data across
cities to predict unprecedented disaster events?

*Pang, Y., Yabe, T., et al. Intercity simulation of human mobility at rare events via reinforcement learning. ACM SIGSPATIAL 2022. 10



I Open questions

* How can we scale and further ‘democratize’ the use of mobility
data for disaster response/recovery?

« Can LLMs/Al help us achieve that goal?
« Balancing utility of data vs unintended risks and consequences

* Towards a more collaborative pipeline with communities, than a
top-down approach?

Thank you!
Takahiro Yabe
takahiroyabe@nyu.edu
New York University

11


mailto:takahiroyabe@nyu.edu

	Diapositiva 1
	Diapositiva 2
	Diapositiva 3: (Near-)Real time mapping of evacuation hotspots
	Diapositiva 4: … Scaling the efforts globally
	Diapositiva 5: Going more longer-term: displacement and return
	Diapositiva 6: Universal patterns of population recovery
	Diapositiva 7: Impacts of disasters on businesses
	Diapositiva 8: Impact assessment by industry sector, region
	Diapositiva 9
	Diapositiva 10: Synthetic human behavior data generation
	Diapositiva 11: Open questions

