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Montreal, April 2017




Québec, April 2019
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Streamflow, Rouge River
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Attributing extreme events to climate change

e Aftribution requires to computes the probabilities p, and p, that a given
observed value u (e.g. 2019 record streamflow) is exceeded.

p1 = P(X >u | GHG = on)
po = P(X > u | GHG = off)



Attributing extreme events to climate change

e Aftribution requires to computes the probabilities p, and p, that a given
observed value u (e.g. 2019 record streamflow) is exceeded.

p1 = P(X >u | GHG = on)
po = P(X > u | GHG = off)

e From there, several causal metrics can be derived:

P1

_ _1—p
PS = max (0, 1 —1_p0)

PNS = max (0, p1 — po)

PN:mu(Ql—m)



Question asked for attribution

>  What is the value of the probability to exceed a given threshold?

e The threshold is high and may never have been reached in
observations (e.g. counterfactual).



Designing maps of flood risk
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Question asked for flood risk mapping

:> What are the values of the 20, 50 and 100 years flow ?

e The regulator will enforce only one map in the law. The answer is
requested to be a single value.



Question asked for flood risk mapping

>  What are the values of the 95%, 98% and 99% quantile ?

e The regulator will enforce only one map in the law. The answer is
requested to be a single value.



Hydropower generation




Hydropower generation
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Bell Falls, Rouge River
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STINEVE

A spillway is a
structure used to
release the surplus
of flow from a dam
into a downstream
area.

Streamflow histogram
300 T \ T | T

number of observations
@
o

St et b it I s il ot e J I L

0 100 200 300 400 500 600 700 800 900 1000
m3s-1




Bell Falls, April 2019




Bell Falls, April 2019

Fears of failure of Chute-Bell dam prompt
evacuations in Quebec

04/26/2019

By Elizabeth Ingram
Content Director

The government of Quebec has issued a risk of dam failure alert related to the Rouge River downstream of
Chute-Bell dam.

The government has directed people in the affected area to evacuate immediately, effective yesterday afternoon.

The dam impounds water for a 10-MW hydroelectric powerhouse, and water has been overtopping it due to a high flow rate in the river. The
run-of-river Chute-Bell facility contains two turbine-generator units and was commissioned in 1915.




Decision making under uncertainty
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Decision making under uncertainty
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Dam Safety Act, Chapter S-3.1.01

DAM SAFETY

21. Subject to sections 21.1, 22 and 24, every dam must be able to withstand any of the following safety
check floods, taking into account the highest dam failure consequence category in flood conditions:

Highest dam failure consequence category Safety Check
Flood
in flood conditions

Very low or low Centennial¥*
(1: 100 years)

Moderate or high Millennial¥*
(1: 1,000 years)

Very high Decamillennial*
(1: 10,000 years)

Severe Probable maximum flood

* Safety check floods expressed according to their recurrence interval.

0.C. 300-2002, s. 21; O.C. 901-2014, s. 2.




Question asked by hydropower companies and

regulating bodies

> What s the value of the 10,000 years flow ?

e Civil engineers designing the spillway will build one spillway. The
answer is requested to be a single value.



Question asked by hydropower companies and

regulating bodies

>  What is the value of the 99,99% quantile ?

e Civil engineers designing the spillway will build one spillway. The
answer is requested to be a single value.



Estimate a high quantile for a given low probability

Estimate a low probability for a given high threshold

=)
=)



Hydrological map of the area

|:> Gauge station database = 88 stations
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streamflow (m3s-1)
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Model: univariate Generalized Extreme Value distribution

x = (r1,T3,...,2Ty) Li.d.
p(x | 0) =1, GEV (2 | 0)
0 =(p,0,8)



Inference: maximum likelihood

return level curve Riviére Rouge
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Comparison with the GPD model

£ as a function of threshold u
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Inference: maximum likelihood

return level curve Riviére Rouge
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> Can we come up with a better estimator ?




Bayesian estimation: a brief overview




Bayesian estimation: a brief overview
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(91, 92, ceey QN) MCMC simulations



Model: univariate Generalized Extreme Value distribution

x = (r1,r9,....,2,) ii.d.

p(x | 0) = IT7_, GEV (z; | 0)

0= (1,0,¢)

m(0) <o~} Northrop and Attalides 2015



MCMC simulation of the posterior distribution

200'_ I T T T T T T . -
o)
Og, o
o
190 o o)
® O o
o ° o
o
180 (o) o o (@]
o” o o 8
QCRDO (@) o
0 00} o)
o o ©
o 0 00 o ©
, Q o
170 o o0 © % cgo o
o o © @0 @ o 5
© %o @ oo o < o
o © oo @
o %0 070 & 50 o
160 ©o. o 9 0o °9F ©°
8 ¢ ° @ ®© °
0o ©°Q o 0O
o O 00%
o o 00y © & o (o}
150 f °© g %o ¢ o°°
o) o O &
o
0© ? o
o (e]e) fo) (o] (o)
o)
140 & o
® (o]
0o OOo o
1 L 1 1 1 I 1

-05 -045 -04 -035 -03 -025 -02 -0.15 -0.1



MCMC simulation of the posterior return level curve

return level curve Riviere Rouge
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MCMC simulation of the posterior PDF of the probability of

exceedance

posterior PDF of P(X>u)
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A probability on a probability ?

posterior PDF of P(X>u)
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A probability density on a probability can (arguably should)
always be boiled down to a single number.
In this case, P(X>u) = 0.0132, or 75 years return period




A probability on a probability ?

posterior PDF of P(X>u)
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The posterior predictive: a possible estimator of the return

level curve

return level curve Riviere Rouge
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Bayesian estimation: a brief overview

r — (331,332, ,an)

p(xz|0)=..
T(0) =...

p(0 | ) ocp(x | 0) m(6)

(91, 92, ceey QN) MCMC simulations



Bayesian estimation: a brief overview

0.0%) = ..

C(
C(0" | ) = Eg|o (C(0,0%)) = [, C(6,0") p(6 | x)dO
f = argmin,. C(6* | )



Bayesian estimation: a brief overview

C(0,0*) = {0 —6*}
éMMSE:fg 9]9(9 ‘ .Cl})dg ~ %Zf\le 97,



Bayesian estimation: a brief overview

C(0,6%) =1{0 + 6*)

Oviap = argmax, p(6 | ) ~ mode(f:, ...,0n)



Model: univariate Generalized Extreme Value distribution

x = (r1,r9,....,2,) ii.d.
p(x | 0) =1L, GEV (x| )
0 =(p.0,8)

m(0) <o~}



Attempt 1: conventional cost function and estimator

C(0,0*) = {0 —6*}
éMMSE:fg 9]9(9 ‘ .Cl})dg ~ %Zf\le 97,



Attempt 2: conventional cost function and estimator

C(0,6%) =1{0 + 6*)

Oviap = argmax, p(6 | ) ~ mode(f:, ...,0n)



Attempt 3: new cost function and estimator

p=10"%
C(0,0%)={F'(p|6)— F'(p|6)}"

éveriﬁes:

Fp|0)= [, F~X(p|0) p(0]2)do ~ 37, F~1(p|6;)
e.g:

F(pla)=[, F'(p|0) p(6 | ®)d0 ~ LN F~1(p|6,)



Attempt 4: new cost function and estimator

_10—4
C(0,0")=1{F~(p|6)# F'(p|67)}

A

0 =argmax, p (F~'(p|0) | x))
e.g:
F(p|®) ~ mode (F~(p|01),.... F 7' (p| On))



Attempt 5: new cost function and estimator

u = fixed threshold (e.g. 2019 record value)
C(0,0%) = {F(u|0) = F(u|6*)}"

Flula)= [, F(u|0)p(0]x)d0 ~ 531, Flu|6;)



Attempt 6: new cost function and estimator

u = fixed threshold (e.g. 2019 record value)
C(0,0) =1{F(u|0)# F(u|0")}

F(u|z)~mode(F(u|6:),... F(u|0y))



The posterior predictive: a possible estimator of the return

level curve

return level curve Riviere Rouge
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lllustration on Rouge River
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Properties and performance of estimators
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Simulation testbed results for p =104 and xi > 0
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Preliminary conclusion

Even for a single parametric model, several different point estimators of high
quantiles and low probabilities can be proposed.

Within a Bayesian approach, such estimators can be obtained by choosing
alternative cost functions that are ad-hoc to the problem.

The conventional estimator of a high quantile (inverse CDF evaluated at p with
MLE of theta) is not necessarily the best solution. Neither is the intuitive solution of
the « posterior predictive ».

Instead, the « MAP quantile » estimator appears to consistently perform best,
based on simulation results.

More simulation and theoretical grounding for these estimators is needed.

Significant implications for high quantiles.
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Spring floods 2017 and 2019

Avril 2017 Avril 2019

Read in the media:

® « These events are more and more frequent, and they will become even more
frequent in the future. »

Source: GEoMSP, Québec



Spring floods 2017 and 2019

Avril 2017 Avril 2019

Return period: 50 years Return period: 50 years

|

Two in three years:
Return period 850 years
under independance assumption



Avril 2017 Avril 2019

» e Whatis the influence of CC on flood risk in Québec ?
How can it be taken into account in the new flood risk maps ?



Overall workplan
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Detection: is there a change ?
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log,,(Q)

Detection: is there a change ?

44 I

(A) Smith River Record (USGS No. 11532500)

28 1
26 1
2.4 X

1932 1972

2013

Density

4 4.5
C) M, :
©) B, =-242
B, = -21.6
Bn.u - _26
2.5 3 3.5 4 4.5
(D) M, (1992)
25 3 3.5 4 4.5
logw(Q)

Luke et al. 2017



Detection: is there a change ?
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Detection: is there a change ?
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Detection: is there a change ?

oo A

Spring Maximum Flow Date - 50 Years
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streamflow (m3s-1)

Detection: is there a change ?
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Hypothetical drivers

Climate
Change
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Climate
Change

Hypothetical drivers
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Two main antagonic effects

Couvert neigeux (MTL) Précipitation avril (MTL)
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Source: ECCC



Projected changes (ISI-MIP)
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Projected changes (CQ2)
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Numerical experiments
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Large uncertainty in hydroclimatic model response

AC Fract. Unc. PC Fract. Unc.
100 AMax
T 80
9,_5 60
© 40
S 20
0
1002010 2030 2050 2070 20902010 2030 2050 2070 2090
AMed
2 —
Q 60
& 40 [__Jom
S 29 B RcP
0 IVar

2010 2030 2050 2070 20902010 2030 2050 2070 2090

100|““““|II||“‘!I| ’Ill“‘\|||||||||||| i
0

20
2010 2030 2050 2070 20902010 2030 2050 2070 2090
Time Time

D @
o O

Variance [%)]
S
o

Giuntoli et al. 2018



Large uncertainty in hydroclimatic model response

Réponse moyenne Dispersion géneérée Dispersion génerée
de tous les modéles par les modeles climat par les modeles hydro

Giuntoli et al. 2018
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Mapping: models and observations in cascade

e Schéma conceptuel d'un modele de calcul de cartographie du risque de crue.

Sampson et al. 2015 Dottori et al. 2016 Trigg et al. 2016

ERAInterim Cascade model type Gauged flow data model type
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. Climate reanalysis Global gauged flow
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Computation: models and observations in cascade

Observations Observations Observations Observations
émissions climatiques hydrologiques crues

D 2> O i

Modele(s) Modele(s) Modele Produit
Climatique Hydrologique Hydraulique fini
Scénarios Post-traitement Post-traitement C,a_|CU_|
émissions climatique hydrologique d’indicateurs
& cartes

> Solution retenue: schéma en cascade complet.



Computation: models and observations in cascade

incertitude cumulative intégration de

I'incertitude i calcul

en cascade :
' non stationnarité . deterministe
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10' 10% 103

> 2> i P g
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Rouge River sampling uncertainty

return level curve Riviéere Rouge
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Climate change uncertainty effect on return levels

return level curve Riviére Rouge
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Climate change uncertainty effect on return levels
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Conclusion

e Estimating high quantiles is difficult.

e The GEV extrapolation has many well-known (and less well-known)
problems, but still the ‘least worst’ option by default thus far.

e Physics may come to the rescue of statistics.
— careful attribution of extremes to identify drivers,
— careful modelign of the dependence between drivers.

e Building climate change into the picture complexifies what is already a
difficult problem.

e How to do this in practice is an active and interesting area of research.
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