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Large-scale climate risk assessments

* Affiliations:

* Oxford Programme for Sustainable Infrastructure Solutions (OPSIS) — PhD, Supervisor: Prof. Jim W. Hall

* Oxford Infrastructure Analytics (OIA) — part-time

* Focus: large-scale climate risk assessments to support long-term planning and infrastructure investment
* Projects: Somalia, Nigeria, the Organisation of Eastern Caribbean States (OECS), Jamaica, Tanzania, Morocco, and Bangladesh

* Calculate damages and losses from present and future climate hazards
* local and aggregated over regions

* indirecteffects on systems — e.g., transport networks, energy networks, supply chains
* Key ingredients:
* Exposure data - location of critical assets

* Hazard data - location, intensity, probability

* Vulnerability models — susceptibility of exposed assets to damage/disruption

UNIVERSI oF

OXFOR



https://opsis.eci.ox.ac.uk/
https://opsis.eci.ox.ac.uk/
https://www.oi-analytics.com/
https://www.oi-analytics.com/
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Climate hazard data: dimensions

Dimension | Subtypes Example

* internal dynamics * slow-moving storms
Temporal . :
* when events happens e early-in-season or flood after a period of drought

Spatial * extent of event * widespread floods cause severe traffic disruption
atia
> * teleconnections e droughts in multiple crop-producing regions

o * compounding/
Multivariate « tropical cyclones + heatwaves
synergistic damages

* probability of occurrence | * 1-in-T-year event

Probability - , .
* non-stationarity e climatechange
Zscheischleretal. (2020). A typology of compound weather and climate events. Oford Programna S,
Heinrich et al. (preprint forthcoming). Hurricanes that haven’t happened, yet: Identifying unprecedented tropical cyclone scenarios. Sywems OXFORD

Matthews et al. (2019). An emerging tropical cyclone—deadly heat compound hazard.
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Climate hazard data: hazard maps

Extreme quantiles across spatial domain

A 100-year hazard map is a grid:
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= F71(0.99)
F; hazard distribution at location i

Return periods: T = 5, 25,50,100,250,500,...

Derivation: fit GEV across domain

Limitation: no joint density information
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100-year flood depth over Po river floodplain from GRI Risk Viewer


https://global.infrastructureresilience.org/view/hazard?y=44.79533&x=11.29583&z=8.22&sections=%7B%22hazards%22%3A%7B%22fluvial%22%3A%7B%22jrc%22%3Atrue%7D%7D%7D
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Climate hazard data: event sets and footprints

Event ensembles

* Largeensembles of plausible hazard events (with probabilities)

e.g., STORM, IRIS, Fathom Global Flood Cat

* Dimensions: potentially all

Event footprints

Kabul
Islamiabad

Baghdad

:ddah

Idis
aba

Mogadishu \/__

NOAA historical hurricane tracks

* Time-integrated representation of intensity of the event over a region of interest

* Used extensively in catastrophe (Cat) modelling

Event Metric Spatial
Earthquake peak ground acceleration affected area

Flood maximum flood depth floodplain

Storm peak gust wind speed storm track

s

ECMWEF Windstorm tracks and footprints derived from
reanalysis over Europe between 1940 to present

le UNIV

s OXFORD
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Climate hazards: comparison

Data type Hazard maps Event ensembles
Pros * Lightweight (<10 maps per hazard) | Can capture all dimensions
 Easy-to-make
* Wide variety
* Fulldistribution at single point
* Expected values over larger scales
Cons  Lostdimensions: spatial, temporal, Difficult to create, store, and use

multivariate
Cannot model systemic impacts

Limited variety, availability &
transparency

Extreme event probabilities <« huge
ensembles

OXFORD
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Objective: Multi-hazard event set generator

Stochastic hazard generator — event

. Variable Value
footprints
L ) Dataset ERAS5 reanalysis 1940-2022
Essential dimensions:
. spatial 1. Max wind speed at 10 m (ws10)
Hazards 2. Total precipitation (tp)

. multivariate

. probability 3. Atmospheric sea-level pressure (mslp)

- X temporal Total variables B4 X 64X 3=12288

L

1

OXFORD

Wilks, D. S., & Wilby, R. L. (1999). The weather generation game: A review of stochastic weather models.
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Starting point: evtGAN

UNIVERSI QF

Boulaguiem et al. (2022). Modeling and simulating spatial extremes by combining extreme value theory with generative stoms. OXFOR
adversarial networks.
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Event-based approach: POT

_ ri4k(2) Risk functional

. B " o
- 4 i |.'-._.-'-.I
Univariate POT 4 t  Reglon of d); [Ij Declusienng
F Intesrast
* Peaks-over-thresholds to model events .y
r Ia___'.a t
* Declustering extracts events and handles serial correlation [ T Wagtner ___.-:j:
- = data cubes i,
* Similar to Method of Independent Storms (MIS; Cook, 1982) Ap_1 31 e
Multivariate POT
* Requirements: Independence Dlasaascnalizad
i, Tigk(X)
* Hazard severity function r|ijk(x), e.g., maxwind speed over region -.__'_-,.-""

* Independent events where 7j;;,(X) = v, separated by run length £

* Grid-search for £ and v,

Cook . (1982). Towards better estimation of extreme winds.
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How to handle spatially localised events?

Events are spatially localised: only a small subset will be extreme for

each event.

1-— (1 - F(UX)) (1 — FD(x)) forx > vy

F(x) for x < vy I

F(x) =

parametric region

D -generalised Pareto distribution: -
 u-loc "E empirical region
> A
e o-scale é — F(x)
. &—shape B D 1 — (1 - F(vx)(1 - Fp(x))

Heffernan and Tawn (2004). A Conditional Approach for Multivariate Extreme Values .
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~

Want to learn C (Ful,%fl(xl)' e, Fud,ad,fd(xd))
Better tail representation

y -

But uniform space compresses tails

L~

F(x) ~ Uniform

— Fx)

X ~ Gumbel

OXFORD




GAN + heavy-tails Pareto GAN GAN + light-tails + PIT '
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Oxford Programme
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Infrastructure
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Transform margins to a distribution with light tails and learn:

C(67" 0 Fupone, (), G 0 Fyo2a(Xa) ) = GAN(YL, -, V)

with G a Gaussian or Gumbel distribution function (MDAg—)

Better tail representation

Fylt“Fﬂ* |

Transformed
— ¥iiki ™ .

Fa(x; &, s, ;F] Fops (x)
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Training and sampling on rare events

Sampling extreme events

* ~80years =2 100-1000 samples

Pros Cons
« StyleGAN2 with differentiable augmentation (DA) e data efficient old model with hardware

e Trained on 100-500 images e quick training requirements

difficult to modify architecture
flow or diffusion better

* Smooth interpolation = no overfitting (Zhao et al., 2020).

Q Better approaches for sampling from S
extremes:
* progressive oversampling (collapse) v
e pretraining (collapse)

o . ~
e gsplitting algorithms

Oxford Programme
for Sustainable
Infrastructure

Systems OX FORD

UNIVERSIT

Zhao et al. (2020). Differentiable Augmentation for Data-Efficient GAN Training.
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—vent footprint creation

Parameters
e Diazapscnalirad TI'I'IE Lafas
o J |y N L. — o ﬁ
.L 3 ’ Heagion of _ .|n VoW ‘.1. . f:rL,JI
F Inkeras '
,#:;H. |
%1 data cubss
e Daily Event footprints
hle|? I:I:] Time aggregatan {_.-_::-} ) Ei'tﬂl‘l'l___'_IE oy

81 (%) Dessasonalze
rk{ ) Aisk unctional
d);(x) Declustering

OXFORD
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Marginal transforms

F(x) for x < vy
Semiparametric GPD (Heffernan and Tawn, 2004)

/

Fo) — {1 —(1-F(vp) (1 - Fp(®) forx> vy

et i Fy = F¥_|: o Fay ]
%%'f)# Eveni '. | Parameters
- Foolprnts — {E:‘F‘ ﬂ"J il
|:I]I‘lj.1' . ‘
) Transformed
] ™ caane o O
P | "x__ll ¥ ijklt
:-' g, _.': p—. I|_ y K-"':-
HEIﬂi'IElE .L"-._. _-___.-': | ."-..____I - .

/

Light-tailed Gumbel or Gaussian {OXFORD
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Training and sampling

inputs Deep generative
Transtormed RGB ork
da-ta. scale 5 train
y:)lrd:'g ———— (.\ —
.-..,.. L -

Parameters F, Yo &y o)

(€1 iy a);‘jk ¥ Gumbel tootorints

§EWl’”E'
v - ) _.-"' .
Synthetic event footprints e, -

Xijit ~ Pk

5000 x RGB

S

inverse scale

OXFORD
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o 4 4

o & e #+ o d -" E e

() Ui GAN(u4,...,uy)

GAN(y1, -, ¥a) (&) Gaussian (d) Gumbel GAN(y1, -, Ya)



RESULTS | SIMULATING SPATIAL MULTI-HAZARDS

+
g

L,

5 5-*
GAN(x4,..., Xq) (&) Rascaling anly
T Harldl
o i DA
g,.,
i
“ | |_' —'
EC - |_.|_.'_i — T
P T I g g
GAN(y4, ..., Vq) (&) Gaussian

ol

g |hHH (

‘_I:.,-:I-"' r‘l:.::.,-:l"' ":'r:::n’ﬁ o m‘h p."ﬁ'd:p-"ﬁ \bi"'
(b} Lindfzirm GAN(uq,..., Ug)

)

a4

Al =
o ﬂq—'- ﬁnz:_ra- o ?,.?.-s* #w o
) Gumbal  GAN(yq, ..., Vq)



BANGLADESH
HE

LOW / HILLS / MOUNTAINS

Brahmaputra
River

Jamalpur  Sylhat
*Mymensingh

- Jessore 4] Padma
India Khulha ' Baris ?>
Mon Ia 6,{7%
0“%65
Jm' Bay of Bengal CB:°X'S
60 km azar \) Myanmar

. Burma
Indian Ocean Copyright©blankworldmap.net ( )




RESULTS | SIMULATING SPATIAL MULTI-HAZARDS
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Thanks for listening

POT approach for event selection
Semiparametric GPD to handle localized events
Train on data transformed to light-tailed margins
StyleGANZ2-DA for small datasets

Good performance (so far!)

31

UMNIVERSITY OF
OXFORD
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Objective: Multi-hazard event set generator

Stochastic hazard generator —

Variable Value
event footprints Sataser .
S R . - L Temporal domain | 1940-2022
‘ spatial . ’ ' Spatialdomain | 10-25° N X 80-95° E
. multivariate i Spatial resolution [ 0.25°
. probability ] 1. Max wind speed at 10 m (ws10)
« X temporal Hazard variables [ 2. Total precipitation (tp)

3. Atmospheric sea-level pressure (mslp)

Total variables 64X 64X 3=12288

OXFORD

Wilks, D. S., & Wilby, R. L. (1999). The weather generation game: A review of stochastic weather models.
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The (elliptically contoured) Gaussian scale mixtures of Huser et al. (2017), if we have a spatial process
X(s) = RW(s), where W (s) is a standard Gaussian process with correlation function p(si,sj), and R has
Pareto tail decay, Fx(r) = 1 — Kr~7, then the following relationship holds:

1— p(sy,s;
x(sis)) =2=2T, 1 [ J1+7- (s: 1)2
\/1—P(5i'5j)

and n(si, Sj) = 1, where T,, denotes a student t distribution with v degrees of freedom.
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