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Predicting Environmental Hazards: Where Data
Science and Computing Meet

 The Challenge

* Predicting Across Time Scales
« WX — Sub-seasonal — Seasonal — Multi-year — Decadal

e Disruptors
 Advances in Computing Power
e Data Science Innovation






1980-2020 Year-to-Date Billion Dollar Disaster Events




Prediction Across Time-Scales

Multi-Year forecasts
predictability comes for subsurface
ocean, land surface, sea-ice, land ice

13-36 months »

5-yrs

Decadal forecasts
predictability comes for subsurface
ocean and evolving atmospheric
composition (CO2)
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Sea Surface Temperature Anomaly

50N 7
40N A
] 1.9 .. .
o Ensemble Precipitation Forecast
20N 1 ”
10N A :'
0.5 i
Ed 201 | i )
1051 -0.5 ,."l : i
205 1 1 151 N
3081 .
403 e sy W ———_— R ° i
GBOE  BOE 100E 120E 140E 160E 180  1BOW  T40M 1Z20W 100W 80w GOW ' - .-
\\ 1 EE‘ is Ii 'uI:
B i g 1
LYI Y
Sea Surface Temperature Anomaly 3 L ()
‘f,' 044 1R
. AL 15 1 TN,
#n{ La Nifa j = "' i vy
w— I8 4 ,é‘ i
04 ¥ = W
) S A4
20N 1 "t (= =2 [if T
10N A — 0.5
£ 1 ——=0.5
105 1 . s
205 1 o L .
3081 a
403 b

-1.5
BOE BOE 100E 120E 140E 160E 180 16OW T4OW 120w 100W BOW  BOW '



Near-term Climate Change:

Projections and Predictability

Coordinating Lead Authors:
Ben Kirtman (USA), Scott B. Power (Australia)

Lead Authors:

Akintayo John Adedoyin (Botswana), George J. Boer (Canada), Roxana Bojariu (Romania), Ines
Camilloni (Argentina), Francisco Doblas-Reyes (Spain), Arlene M. Fiore (USA), Masahide Kimoto
(Japan), Gerald Meehl (USA), Michael Prather (USA), Abdoulaye Sarr (Senegal), Christoph Schar
(Switzerland), Rowan Sutton (UK), Geert Jan van Oldenborgh (Netherlands), Gabriel Vecchi
(USA), Hui-Jun Wang (China)

Contributing Authors:

Nathaniel L. Bindoff (Australia), Philip Cameron-Smith (USA/New Zealand), Yoshimitsu
Chikamoto (USA/Japan), Olivia Clifton (USA), Susanna Corti (Italy), Paul J. Durack (USA/
Australia), Thierry Fichefet (Belgium), Javier Garcia-Serrano (Spain), Paul Ginoux (USA), Lesley
Gray (UK), Virginie Guemas (Spain/France), Ed Hawkins (UK), Marika Holland (USA), Christopher
Holmes (USA), Johnna Infanti (USA), Masayoshi Ishii (Japan), Daniel Jacob (USA), Jasmin John
(USA), Zbigniew Klimont (Austria/Poland), Thomas Knutson (USA), Gerhard Krinner (France),
David Lawrence (USA), Jian Lu (USA/Canada), Daniel Murphy (USA), Vaishali Naik (USA/India),
Alan Robock (USA), Luis Rodrigues (Spain/Brazil), Jan Sedlacek (Switzerland), Andrew Slater
(USA/Australia), Doug Smith (UK), David S. Stevenson (UK), Bart van den Hurk (Netherlands),
Twan van Noije (Netherlands), Steve Vavrus (USA), Apostolos Voulgarakis (UK/Greece), Antje
Weisheimer (UK/Germany), Oliver Wild (UK), Tim Woollings (UK), Paul Young (UK)

CCE concentration

Temperature anomaly (°C)

Global mean
sea level rise (cm)
—
[6)}

500
475
450
T 425
8 400
375
350
325

w.r.t. 1961-1990

SARTAR
| | 454

—=— Observations

1960 1975 1990 2005 2020 2035

}AR4 CMIP3

= } Observations

1960 1975 1990 2005 2020 2035

+ Estimates derived
from tide-gauge data

Estimates derived from
sea-surface altimetry

1960 1975 1990 2005 2020 2035
Year

TAR
SAR

AR4
—

A1B o

B

1T

(]

AR4
—

Post-AR4
—

500
475
450
425
400
375
350
325

35
30
25
20

RCP

—=— Observations 8.5

RCP RCP
2.6 6.0

1960 1975 1990 2005 2020 2035

¢ Indicative
likely
range

}ARS CMIP5

1960 1975 1990 2005 2020 2035

+ Estimates derived
from tide-gauge data

Estimates derived from

6.0
sea-surface altimetry H H H

1960 1975 1990 2005 2020 2035
Year



Near-term Climate Change:

Projections and Predictability

Coordinating Lead Authors:
Ben Kirtman (USA), Scott B. Power (Australia)

Lead Authors:

Akintayo John Adedoyin (Botswana), George J. Boer (Canada), Roxana Bojariu (Romania), Ines
Camilloni (Argentina), Francisco Doblas-Reyes (Spain), Arlene M. Fiore (USA), Masahide Kimoto
(Japan), Gerald Meehl (USA), Michael Prather (USA), Abdoulaye Sarr (Senegal), Christoph Schar
(Switzerland), Rowan Sutton (UK), Geert Jan van Oldenborgh (Netherlands), Gabriel Vecchi
(USA), Hui-Jun Wang (China)

Contributing Authors:

Nathaniel L. Bindoff (Australia), Philip Cameron-Smith (USA/New Zealand), Yoshimitsu
Chikamoto (USA/Japan), Olivia Clifton (USA), Susanna Corti (Italy), Paul J. Durack (USA/
Australia), Thierry Fichefet (Belgium), Javier Garcia-Serrano (Spain), Paul Ginoux (USA), Lesley
Gray (UK), Virginie Guemas (Spain/France), Ed Hawkins (UK), Marika Holland (USA), Christopher
Holmes (USA), Johnna Infanti (USA), Masayoshi Ishii (Japan), Daniel Jacob (USA), Jasmin John
(USA), Zbigniew Klimont (Austria/Poland), Thomas Knutson (USA), Gerhard Krinner (France),
David Lawrence (USA), Jian Lu (USA/Canada), Daniel Murphy (USA), Vaishali Naik (USA/India),
Alan Robock (USA), Luis Rodrigues (Spain/Brazil), Jan Sedlacek (Switzerland), Andrew Slater
(USA/Australia), Doug Smith (UK), David S. Stevenson (UK), Bart van den Hurk (Netherlands),
Twan van Noije (Netherlands), Steve Vavrus (USA), Apostolos Voulgarakis (UK/Greece), Antje
Weisheimer (UK/Germany), Oliver Wild (UK), Tim Woollings (UK), Paul Young (UK)

Temperature anomaly (°C)

Temperature anomaly (°C)

Global mean temperature near-term projections relative to 1986-2005

2.5

1.5

Observations (4 datasets)
Historical (42 models)

| — RCP 2.6 (32 models)

RCP 4.5 (42 models)

- — RCP 6.0 (25 models)

—— RCP 8.5 (39 models)

o Historjcal <+> R(;Ps

1990 2000 2010

2020 2030

| ZZZA Indicative likely range for annual means

ALL RCPs (5-95% range, two reference periods)

| = ALL RCPs min—-max (299 ensemble members) i

— Observational uncertainty (HadCRUT4)
B Observations (4 datasets) i

ALL RCPs Assessed likely range

~ W for 2016-2035 mean i
[ Assuming no future 1
| Historjcal : RQPS | ‘Iarge volcanl? eruptions | )
1990 2000 2010 2020 2030 2040 205

0

0061-0581 0} aAle|ay



Predicting Seasonal Environmental Hazards

UM Leads a Multi-Agency, Multi-Institutional
Effort to Improve NOAA Seasonal
Operational Forecasts (2015)







NMME Operational Seasonal Forecasts
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Montecito California: January 8t 2018 Montecito California: January 25th 2018



Improving Forecasts of Sub-Seasonal Flood Risk

Montecito California: January 8t 2018 Montecito California: January 25th 2018

UM-RSMAS Leads a Multi-
Agency, Multi-Institutional
Effort to Improve NOAA Sub-
Seasonal Operational
Forecasts

SubX-RSMAS: Montecito 3-Week Lead Flood
Forecast Valid Week Ending Jan. 12, 2018

Valid 2 weeks ending OCT 26




Week 3-4 Forecast: Valid
2-Weeks Ending Aug. 7

UM Led Sub-Seasonal
Prediction Experiment
(SubX)

Week 3-4 Forecast: Valid
2-Weeks Ending July 31
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Standard climate simulation







University of Miami’s climate
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Natural Decadal Variability

OBS

HRC

LRC



Kuroshio Extension and Western North American Rainfall



Predicting Coastal Flood Risk From Days to Decades
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Traditional models Machine learning

* Models are implemented in e Machine learning software
complex “one-off” code. Implemented in reusable code.

« Model algorithms are at odds with * Machine learning is well aligned
computer architectural trends. with architectural trends.

e Data is a problem. o Data is still a problem, but
with machine learning it is
also an opportunity.



Random Forest and Neural Network Algorithms



Pure Data Science Approach: Atmospheric Rivers Example

Observational Estimate

Traditional Model

Convolutional NN



Combining Data Science with Traditional
Model: Harder but More Versatile



Is this a New Way of Doing and Teaching Science?

Emerging Data Science Academic Programs Based on Expertise Demand



SubX and NMME Real-Time Forecasts

SubX Forecast of Precipitation Anomaly [mm/day]

Multi Model Ensemble

Week 3-4 Mean, ending 11-DEC-2020

75N _—
e =gh
. e = "
i >
BONA = = - \__\ )
§$ '\“r‘)-_ \{__ : :
TV b :
& i :
- & .
- L\ —
\
45N & TN
40N_............
Z\\
oA
35N Y
. B . __"- . b |
25N 1
L
20N D
10N T i T - i : - r . T
17ow 160W 150W 140W 130w 120W 110w 100w Q0w 80w TOW 60W

-11 -9 -5 -3 -1 1 3 S 9 11

JOM

BONT -

SN

40N 1

S0N 1

20N

TOM

IC=202011 for lea

NMME prob fest Prate

T

o r
o
E

d 1 2020 DJF

160W 140W 1204

40% 50 BO 70
Above

40% 50 BO 70
Below

40% 50 80 70
MNeutral




	Predicting Environmental Hazards: Where Data Science and Computing Meet
	How Did I Get Here
	How Did I Get Here
	How Did I Get Here
	How Did I Get Here
	Predicting Environmental Hazards: Where Data Science and Computing Meet
	Slide Number 7
	Slide Number 8
	Slide Number 9
	Slide Number 10
	Slide Number 11
	Slide Number 12
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	Slide Number 18
	Slide Number 19
	Predicting Environmental Hazards: Where Data Science and Computing Meet
	Slide Number 21
	Slide Number 22
	Slide Number 23
	Slide Number 24
	Slide Number 25
	Slide Number 26
	Slide Number 27
	Slide Number 28
	Slide Number 29
	Slide Number 30
	Slide Number 31
	Slide Number 32

