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Compound Ocean-Fluvial Flooding

Compound Ocean-Fluvial (terrestrial)-Pluvial (local rain) Flooding



Compound Events

Two or more extreme events occurring simultaneously or
successively

Combinations of extreme events with underlying
conditions that amplify the impact of the events

Combinations of events that are not themselves
extremes but lead to an extreme event or impact
when combined.

Consecutive inter-dependent events that do not occur at
the same time, but they have compounding impacts.
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Zscheischler J., et al., Nature Climate Change, 8 (6), 469-477, doi: 10.1038/s41558-018-0156-3.
https://www.nature.com/articles/s41558-018-0156-3




Multivariate Copula Analysis Toolbox (MvCAT)
Multi-hazard Scenario Analysis Toolbox (MhAST)
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Multi-hazard Scenario Analysis Toolbox (MhAST)

Copula-based RP curves JOE
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Compound Coastal Flooding
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Hazard Scenarios for Compound Coastal Flooding
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Moftakhari H.M., Salvadori G., AghaKouchak A., Sanders, B.F., Matthew, R.A., 2017, Compounding Effects of Sea Level
Rise and Fluvial Flooding, Proceedings of the National Academy of Sciences, doi: 10.1073/pnas.1620325114.



Failure Probability: Compound Coastal Flooding

For a given design life time of T the failure probability (P;) is calculated as
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Moftakhari H.M., Salvadori G., AghaKouchak A., Sanders, B.F., Matthew, R.A., 2017, Compounding Effects of Sea Level
Rise and Fluvial Flooding, Proceedings of the National Academy of Sciences, doi: 10.1073/pnas.1620325114.



Failure Probability

Failure Probability: Compound Coastal Flooding
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Failure Probability

Failure Probability

Failure Probability: Compound Coastal Flooding
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Estimated failure probability for a temporal horizon of 30 years. The solid black and red curves show,
respectively, the estimated failure probability computed based on the univariate and bivariate OR hazard
scenarios, according to the presently observed climate conditions. The solid and dashed purple curves
show the estimated probability of failure using a bivariate OR approach and an associated 95%
confidence band considering the projected SLR for 2030 under RCP 4.5.



Hybrid Statistical-Dynamic Compound Coastal Flooding

Copula-based AND and OR Scenarios
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Compound Extreme Events

Copula-based AND and OR Scenarios
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Drought and Heatwaves




Cumulative Probability

Cumulative Probability

Cumulative Probability

—_

o
=

o
=)

o
>

o
o

o

-

o
=)

o
o

o
>

o
)

o

—_

o
©

o
o

o
FS

o
N

o

Compound Drought and Heatwaves
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Mazdiyasni O., AghaKouchak A., 2015, Substantial Increase in Concurrent Droughts and Heatwaves in the United States,
Proceedings of the National Academy of Sciences, doi: 10.1073/pnas.1422945112.




Amplified Warming of Droughts in Southern United
States in Observations and Model Simulations
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Amplified Warming of Droughts in Southern United
States in Observations and Model Simulations
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Compound Extreme Events
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2014 California Drought: How Bad is It?
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2014 California Drought: How Bad is It?

Nov.-Apr. Compund Precipitation-Temperature Extremes Assuming two variables X (precipitation) and Y
' ' ' ' ' © 2014 (temperature) with cumulative distribution functions

Fy(x) = Pr(X < x) and Fy(y) = Pr(Y < y), the copula (C)

T=200 1 can be used to obtain their joint distribution function:

l . . \ \K;\;h\ | F(x,y) = C(FX(x),FY(y)), where F(x,y) is the joint

\ | distribution function of X and Y:
\ Flx,y) =Pr(X <x,Y <vy)
: 1 The joint survival distribution F(x,y) = Pr(X > x,Y > vy)

Al { can be obtained using the concept of survival copula:
. v TR L By = 6@ R )
B . ' F e iT=2°ii | FyandFy (e, Fy = 1 - Fy, Fy = 1—Fy) are the

B A marginal survival functions of X and Y, and C is the
er " r 1 survival copula.
2} ; i 1 Survival critical layer (or isoline) is then defined as:

: LF ={x,y € R%: F(x,y) = t} where L[ is the survival

critical layer associated with the probability t.

Temperature Anomaly (°C)

25 1 L 1 1 L L
400 300 200 100 0 -100 -200 -300 -400 -500

Precipitation Anomaly (mm)

The survival return period of X and Y is defined as: Kyy = where Kyy is called the survival Kendall’s return period;

1-K(t)
i > 0 is the average interarrival time of X and Y (1 = 1 indicates the average interarrival time between subsequent values
in the time series is one year); and K is the Kendall’s survival function associated with F defined as:

Kt) =Pr(F(X,Y) 2t) =Pr(C(Fx(x),Fy(») = t)

For any return period T, the corresponding survival critical layer Ltﬁ can be estimated by inverting the Kendall’s survival
function K (t) at the probability level p = 1 — ‘T—l: g=qp) =K 1(p),



Temperature-Wildfires-Snow
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Mountain Snowpack Response to
Different Levels of Warming
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MORE FIRES, MORE SNOWMELT

Natural blazes in the western United States are (1) scorching arger areas
and (2) spreading to higher zltitudes than they did in the 1980s.
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Rain over Burned Areas: Cascading Hazards



Multivariate Copula Analysis Toolbox (MvCAT)
Multi-hazard Scenario Analysis Toolbox (MhAST)
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Multi-hazard Scenario Analysis Toolbox (MhAST)

Copula-based RP curves JOE
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Rain over Burned Areas: Cascading Hazards






Q
|
@
"

o
e
|
| I |
—

+
Iy
A N

8
Q| |
=
N——
| S
i
e
Iy
N i
QT
i
——

—

N
o

—
o
e

o = N O ==

o

10 20 30 40 50

/

/ Annual Maxima (mmlhh
/ Annual Maxima (mmlhm

NONSTATIONARY

_1/¢Y M (function of time t)
G(x) = exp {— [1 + £ (T _ ,u)] } o (function of time t)

o ¢ (function of time t)




Process-informed Nonstationaty Extreme Value Analysis (ProNEVA)

---------- ProNEVA Matlab Toolbox

select DISTRIBUTION ]
i.e., GEV, GP, LP3 J

1

NON YES
STATIONARY?

select PRIOR select NONSTAT MODEL select COVARIATE
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220 & & 25 [ - DIAGNOSTICS REJECT
Hybrid MCMC e.g., i, QQ-plot, AIC, BIC, ...

\ACCEPT

NO

http://amir.eng.uci.edu/downloads/ProNEVA.zip

Process-informed
Nonstationary Extreme
Value Analysis (ProNEVA) is
a software package
designed to facilitate
extreme value analysis
under both stationary and
nonstationary assumptions.
The source code of the
toolbox is freely available
along with a Graphical User
Interface (GUI).




Process-informed Nonstationaty Extreme Value Analysis (ProNEVA)

ProNEVA Matlab Toolbox GUI
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Intensity [ mm/day ]
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Key Point: Climate change s
expected to increase the intensity
and frequency of future rainfall
events and hence, using current IDF
curves may lead to underestimation
of the future flood risk.
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Comparison between the current

(grey lines) and future climate
(orange lines) 100-yr IDF curves
(RCP8.5), along with 90% confidence
intervals (Ragno et al., 2018, Water
Resources Research).
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Key Point: Today’s 25-yr, 50-yr and 100-yr events are
expected to occur more frequently in a warming climate.

Return periods of future events (orange and red dots), historically
associated with return periods of 25-, 50-, and 100-year in
California (green lines). Panels a, b, and ¢ show the projected
return periods considering two future scenarios: RCP 4.5 (orange
dots) and RCP 8.5 (red dots) along with their 90% confidence
interval (gray lines).
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E=EE _; Key Point: Today’s 25-yr, 50-yr and 100-yr events are
expected to occur more frequently in a warming climate.

Return periods of extreme precipitation under future climate of
events currently associated with return periods of 100 years in
urban locations across the United States. For instance, in San
Diego, a flood currently associated with a 100 year return period is
projected to have a return period of 59 and 30 years under RCP 4.5
and 8.5, respectively (data from Ragno et al., 2018).




ProNEVA — Example Application, Ferson Creek
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ProNEVA also allows investigating change in statistics of extremes relative to another variable (e.g., driver of
change). This figure shows an example on changes in statistics of floods in response to urbanization.



Ignoring compounding effects of
hazard drivers can lead to
underestimation of the risk.

Droughts have warmed faster than
the average climate in the southern
and northeastern U.S.

MvCAT and MhAST can be used for
modeling the relationship between
different hazards (analysis of

compound hazards).

ProNEVA allows process-informed
stationary and nonstationary
extreme value analysis including
rainfall intensity-duration-frequency
curves. The model allows evaluating
change in today’s extreme return
period return levels given multi-
model future projections.
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