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Motivation - Why study hydroclimate extremes?

» From 1983-2000 the Western
States (WA, OR, CA, ID, NV,
UT, AZ, MT, WY, CO, NM,
ND, SD, NE, KS, OK, and TX)
experienced $24.7 billion in
flood damages, $1.5 billion
annually.

» California, Washington, and
Oregon alone accounted for
$10.6 billion (46 percent) [Ralph :
et al. 2014; Pielke et al. 2002] Boulder Flood, 2013

Research into hydroclimate extremes can provide more
accurate and localized estimates of flood risk.
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Extremes in Engineering

Extreme value analysis has been standard practice in civil
engineering design and management dating back to [Gumbel 1941].
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Extremes in Engineering
Extreme value analysis has been standard practice in civil
engineering design and management dating back to [Gumbel 1941].

“In order to apply any theory we have to suppose that
the data are homogeneous, i.e. that no systematical
change of climate and no important change in the basin
have occurred within the observation period and that no
such changes will take place in the period for which
extrapolations are made.” [Gumbel 1941]
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Extremes in Engineering

Extreme value analysis has been standard practice in civil
engineering design and management dating back to [Gumbel 1941].

“In order to apply any theory we have to suppose that
the data are homogeneous, i.e. that no systematical
change of climate and no important change in the basin
have occurred within the observation period and that no
such changes will take place in the period for which
extrapolations are made.” [Gumbel 1941]

Predicated on stationarity.
Elephant in the room:
Climate change
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Drawbacks of traditional methods
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Drawbacks of traditional methods

1. Annual: Typically only annual maxima are modeled, or
maxima in the single wettest season, which masks seasonal
variability in extremes.
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1. Annual: Typically only annual maxima are modeled, or
maxima in the single wettest season, which masks seasonal
variability in extremes.

2. Single site: Considering spatial dependence among data can
reduce overall uncertainty in and allows for interpolation to
ungaged location.
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Drawbacks of traditional methods

1. Annual: Typically only annual maxima are modeled, or
maxima in the single wettest season, which masks seasonal
variability in extremes.

2. Single site: Considering spatial dependence among data can
reduce overall uncertainty in and allows for interpolation to
ungaged location.

3. Stationary: Extreme event distributions are often assumed to
be stationary in time, a tenuous assumption under a changing
climate.

4. Climate: Hydroclimate extremes have been increasingly linked
to large scale atmospheric ocean oscillations (eg. ENSO)
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Drawbacks of traditional methods

. Annual: Typically only annual maxima are modeled, or

maxima in the single wettest season, which masks seasonal
variability in extremes.

Single site: Considering spatial dependence among data can
reduce overall uncertainty in and allows for interpolation to
ungaged location.

. Stationary: Extreme event distributions are often assumed to

be stationary in time, a tenuous assumption under a changing
climate.

Climate: Hydroclimate extremes have been increasingly linked
to large scale atmospheric ocean oscillations (eg. ENSO)

Uncertainty: The uncertainty in return level estimates is
rarely quantified in practice.

4 /60



Introduction Chapter 1 Crash Courses Chapter 2 Chapter 3 Chapter 4 References
000@00 000000000000 00000000 0000000000 0000000 00000

Broad research goal

Develop tools and methodologies to better understand and
model hydroclimate extremes in the western US to aid in
flood mitigation and water resources planning and
management.

5/60



Introduction Chapter 1 Crash Courses Chapter 2 Chapter 3 Chapter 4 References
000080 000000000000 00000000 0000000000 0000000 00000

Outline
Introduction

Chapter 1 - Spatial variability of seasonal extreme precipitation in
the western United States

Crash Courses

Chapter 2 - Efficient hierarchical spatial modeling of seasonal
precipitation extremes

Chapter 3 - Coupled hierarchical modeling of streamflow and
precipitation extremes

Chapter 4 - Hydroclimate frequency analyses for dam safety: case
studies using traditional and modern methodologies
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Progress

v

Chapter 1 - Published online, May 19 2015, Journal of
Geophisical Research: Atmospheres

» Chapter 2 - Under internal review, expected submission this
Summer 2015

» Chapter 3 - Fall 2015

» Chapter 4 - Spring 2016
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Chapter 1 - Spatial variability of seasonal extreme precipitation in
the western United States
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Research questions

» How are extreme precipitation vary spatially in large
diverse geographic regions like the western US?

How does extreme precipitation vary in each season?

v

What are dominant moisture sources and delivery
pathways for extreme events in the west?

v

» Are extreme events spatially coherent and how is this linked
to large scale climate?
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Precipitation Data

Global Historical Climatology
Network (GHCN), daily data from
over 90,000 stations worldwide,
about 14,000 in the western US.

» Limit to ~1000 stations
with near complete data
from 1948-2013

» 3 day aggregation window

» Seasonal (Winter, Spring,
Summer, Fall) block maxima
approach w01 ‘ ‘ ‘

235 240 245 250 255
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When does extreme precipitation occur in the western US?

Annual 3day max occurrence day.

2% — - L

1% —

Percent of Annual Events

0%

Motivates a closer look at how extreme events behave in all
seasons.
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Extreme Event Timing and Magnitude
GHCNd mean 3day precip.
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Extreme Event Timing and Magnitude
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Clustering of Maxima

Goal: Objectively determine spatially coherent regions over which
extreme values behave similarly.
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Clustering of Maxima
Goal: Objectively determine spatially coherent regions over which
extreme values behave similarly.
» Bernard et al. 2013 developed an extreme value oriented
clustering algorithm specifically tailored to extreme values.
» Dissimilarity matrix based on the F-Madogram (non-parametic,
based on shape of empirical CDF)

gy = = YRy — (M 1
ij = EETJE;; i( i ) - j( j ) ’ ( ]
where
. 1
FZ(M) = fgl{M’(f)gu} (2)
where 1{M®<u} is the indicator function for the event {MZ-(t) <u}

which returns 1 if the statement is true or 0 otherwise.
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Clustering of Maxima

Method was tested on small geographic regions.
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Weighted F-Madogram clustering

For large regions, weighting cfij on physical distance

where

and

pij = oy - ma
Yis1qi

qij = \/(xi —xj)% + (yi — yj)*

Chapter 4
00000

References
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Clustering of Maxima

Original Method (tested on small regions):

fall spring ‘ summer ‘ winter
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Moisture Source Identification

HYSPLIT - Hybrid Single Particle Lagrangian Integrated
Trajectory Model
» Inputs: Reanalysis data, starting location, time and height
» Output: Trajectory of air parcel
Runs:

» A single trajectory has a lot of uncertainty, necessitating a
statistical approach

» Number of trajectories = 12 time trajectories/event * 21
height trajectories/event * 65 years * 1000 stations * 4
seasons = 65,520,000 trajectories = 15,724,800,000 points

» For each station and season find the top 100 trajectories that
lost the most specific humidity during the event period =
400,000 rain trajectories
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Example rain trajectories — Colorado

winter
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Moisture Source identification

» For each trajectory find the location where peak specific
humidity occurred, bin on 1° grid
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Moisture Source identification
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Moisture Source identification
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Moisture Pathways

» Longitudinal clustering on trajectories

» Compute mean location at each time point to get “"dominant
pathways”
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Moisture Pathways

» Longitudinal clustering on trajectories

» Compute mean location at each time point to get “dominant
pathways"”
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Moisture Pathways

» Longitudinal clustering on trajectories

» Compute mean location at each time point to get "dominant
pathways”
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ENSO influence

Ratio of rain trajectories occurring in La Nina Vs. El Nino

spring summer
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ENSO tends to affect frequency of extremes, not a strong effect on
moisture sources or pathways.
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Introduction

Chapter 1 - Spatial variability of seasonal extreme precipitation in
the western United States

Crash Courses

Chapter 2 - Efficient hierarchical spatial modeling of seasonal
precipitation extremes

Chapter 3 - Coupled hierarchical modeling of streamflow and
precipitation extremes

Chapter 4 - Hydroclimate frequency analyses for dam safety: case
studies using traditional and modern methodologies
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Statistics of Extremes

Given daily data, if we select the maximum value in each year,
those data follow a generalized extreme value (GEV) distribution:

GEV(x;u,0,8) = }Tb(_l/g)_l exp {—b‘l/é}

b=1+¢ (%) u: Location, o: Scale, ¢: Shape.

— GEV(0,1,-05) — GEV(0,1,0) — GEV(0,1,0.5)

Return Level (quantile function):

o . 03-
= e Fl(—log(L=1/m) 1] _
- /
Where r is the return period in 041- \
years (100 years for example). . \
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Spatial Statistics
Typical spatial model
(s) =u(s)+Z(s) +

&(s)
R S e
A B C D

» s — Space
A Data — Observations

Chapter 4 References
00000

B Mean - 1(s) = x! B; Covariates and regression parameters

C Spatial residual — Random function incorporating spatial

correlation

D Nonspatial residual — Random variation (nugget effect)

Sometimes Z(s) and ¢(s) are lumped together.

Y(s) = xI B +w(s)
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Gaussian Processes
Z(s) is a Gaussian process if [Z(S1), ..., Z(Sn)] ~ MVN(u, X).

E[Z(s)] =
Cov(Z(s1),Z(s2)) = C

(s)
(s1,82)
Common Assumptions:

» Stationary: Covariance is only a function of separation
between sites

» Isotropic: Covariance is only a function of distance ||s; — sj|
(also implies E[Z(s)] = u is constant)
Example parametric isotropic covariance model (with no nugget):

C(r) = c*exp(—r/a) a>0
X(i,j) = azexp(—Hsi —st/a) a>0
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Hierarchical Modeling

Hierarchical statistical models represent relationships between data
and parameters in several layers, allowing for flexible model
specifications. For example, recall simple linear regression:

y; = a + Bx; +¢&; where & ~ N(0,0?%)

This can be viewed as a hierarchical model with 2 layers:

) ind. 2
Yilpi, 0%, xi ~ N(pi, 07)
pi = a+ Bx;
Viewing linear regression this way, it is easy to make tweaks to

model many kinds of behavior, for example different data
distributions such as y; ~ GEV.
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Background on Bayesian Statistics
From Bayes' rule:

p(0ly, x) < p(yl|6, x) p(6, x)
—_——— —

———
Posterior Liklihood Prior

0 Parameters
y Dependent data (response)
x Independent data (covariates/predictors/constants)

Posterior: The answer, probability distributions of parameters
Liklihood: A computable function of the parameters, model
specific

Prior: Probability distribution, incorporates existing knowledge
of the system, model specific

The key to building Bayesian models is specifying the likelihood

function, same as frequentist.
28 /60
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Bayesian Hierarchical Model

In a hierarchical Bayesian model, expand terms using conditional
distributions where 8 = (61, 6;):

p(Oly) < p(ylor)  p(61]62) p(62)
N—— S—— N~

- ——
Posterior Data Likelihood Process Liklihood Prior

Data Likelihood Relates observed data to distribution
parameters

Process Likelihood Relates distribution parameters of the to
each other
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Marginal parameter distributions

In practice, we want marginal distributions of parameters. Consider
the simple linear regression case, say we want to marginal posterior
distribution for ¢

p@ly) = [ [ plao?ly)p(@p(e)dadp
x 2 - o x;, 07 o dud
p(a)//@m +B a)) p(a)p(0)dadp

Even for simple models we get complex integrals to solve, this is
where MCMC comes in.
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Monte Carlo Markov Chain (MCMC) in a nutshell

» We want to generate random draws from a target distribution
(the posterior). We then identify a way to construct a 'nice’
Markov chain such that its equilibrium probability distribution
is our target distribution.

» Eventually, the draws from the chain will appear as if they are
coming from our target distribution.

» There are several ways to construct ‘nice’ Markov chains (e.g.,
gibbs sampler, Metropolis-Hastings algorithm).

(explanation from Cross Validated)
MCMC is really a way to approximate integrals (and get
marginal distributions).
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Chapter 2 - Efficient hierarchical spatial modeling of seasonal
precipitation extremes
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Research Goals

v v . vvY

How do extreme precipitation return levels vary spatially?
What covariates affect precipitation return levels?
How can gridded return levels be produced?

What is the associated uncertainty in these return level
estimates?

How can we model return levels in the entire western US
simultaneously?

How can we incorporate stations with missing data?
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Hierarchical spatial model
Data layer (weather), process layer (climate), priors

ind.

Y(s)[u(s),0(s),5(s) ~ GEVIu(s),0(s),&(s)]

References

(6)
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Hierarchical spatial model

Data layer (weather), process layer (climate), priors

‘&.

Y(s)|p(s), 0(s), &(s) ™ GEV[u(s),0(s),&(s)] (6)
H(s) =x'(s) B, +wy(s) (7)
o(s) = x'(s) B, +10c(s) (8)
§(s) = x"(s) Bz +we(s) (9)
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Hierarchical spatial model
Data layer (weather), process layer (climate), priors

Y(5)[(s), 0(5),E(5) “ GEVIu(s), 0(s),6(s)]  (6)
u(s) = x7(s) B, +wy(s) ™)

o(s) = x7(5) B, +1e(s) (®)

£(s) = x"(s) B, +awz (s) (9)

w,(s) ~ GP(0,C(6,)) (10)

wg(s) ~ GP(0,C(6,)) (11)

(s) ~ GP(0,C(6)) )
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Hierarchical spatial model
Data layer (weather), process layer (climate), priors

Y()|u(s), o(s), &(s) & GEVIu(s), 0(s),&(s)]  (6)
u(s) = x7(s) B, +10, (s) 7)

o(s) = x"(5) B, +100(s) (®)

£(s) = x"(s) B +w(s) (9)

w,(s) ~ GP(0,C(6,)) (10)

we (s) ~ GP(0,C(6,)) (11)

we(s) ~ GP(0,C(6)) (12)

Covariates: x7(s) = (Lat, Lon, Elevation, Mean Seasonal Precip)”
C: Stationary, isotropic, exponential covariance model,
0, = (Pw”y)3 Zu(irj? 9;4) = Pu exp(—l/a;,||si -8 1))

35/60



Crash Courses
00000000

Introduction Chapter 1
000000 000000000000

Gaussian Predictive Process
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0O00@000000
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Computation of GP likelihood
requires inversion of large
covariance matrix, bottleneck for
computation

Gaussian predictive process
estimates w as W at knot locations
S*={s],...,s;}.

Actual process at # sites is
approximated at k knots, where
k<<n

GP value at stations is computed
with @(sp) = c¢'C*~1(0) w* where
c(s0;0) = [C(so, s]’-‘;ﬂ)]}‘:l

First application to spatial extremes
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Model fit — GEV location () regression parameters, Winter

Priors: vague normal priors centered on MLE estimates (N(+,100))
Fit using MCMC (Stan, NUTS)
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Model fit — Covariance parameters, location, Winter

Marginal posterior, Range, ay Marginal posterior, Partial sill, Oy

range_loc sill_loc
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Results — Median return levels, winter

100 year return - — 100 year return _ -

50 100 200300 500 800

level [mm] level 95% CI [mm]

25 50 100 300

' ' [ g ' '
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Results — Median return levels, summer

100 year retun — — 100 year retun — —

level [mm] level 95% CI [mm] 100

1 1 1 1 1
-110 -110
lon lon
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Results — Median shape (&), winter, summer
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Discussion

v

Models converge quickly, 100-200 iterations

v

Computation takes 5-10 days!
Seasonal total precip is the strongest covariate for y and o
» u and o are highly correlated

v

v

Elevation is the strongest covariate for ¢

Credible interval is low near knots

v
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Chapter 3 - Coupled hierarchical modeling of streamflow and
precipitation extremes
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Introduction and Motivation

» There is strong evidence for nonstationarity of streamflow and
precipitation extremes in the Western US [Kunkel et al. 2003;
Groisman et al. 2001; Kunkel et al. 1999; Cayan et al. 1999]

» Nonstationarity is due to linear trends in time, large scale
atmospheric oscillations (AMO, PDO, ENSO), and climate
change

» Climate change signal for extremes is not definitive

» There are many examples of nonstationary spatial precipitation
and streamflow models but none explicitly consider both

> It is reasonable to assume, especially in rainfall-runoff
dominated regions, that annual or seasonal maximum
precipitation and streamflow are closely related

44/ 60



Introduction Chapter 1 Crash Courses Chapter 2 Chapter 3 Chapter 4 References
000000 000000000000 00000000 0000000000 0000000 00000

Research questions

» How can we simultaneously model precipitation and
streamflow return levels in space and time?

» What temporal covariates are appropriate?

» How can we make future projections of precipitation and
streamflow return levels?
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Multivariate extremes

» Previously, conditional independence of the data was assumed
given the GEV parameters.

» The data layer should be modeled as coming from a
multivariate distribution, but the data is highly non-normal.

» Likelihood computations for multivariate extreme value
distributions extremely computationally expensive O(n"), and
prohibitive for n > 15 sites [Castruccio et al. 2014].

» Need a practical tool to model multivariate extremes
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Elliptical copula for data dependence

The Gaussian copula constructs the joint pdf of a random vector
(Yy,...Yo) as

FGaussian (ylz .. /ym) = q)Z(ulr um) (13)

where @y (111, ....1y,) is the joint o

cdf of an m-dimensional o |

multivariate normal distribution :

with covariance matrix X, °

u; = ¢~ (E[yi]), ¢ is the cdf of S

the standard normal distribution 3

and F; is the marginal GEV cdf at g
site 1. oio 012 014 OTS ois 1io
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The corresponding joint pdf is

[ 1filwi]
quussian (y1/ s /ym) - 7117‘1[2(1/[1, Mm)

H lu]

References

(14)

where f; is the marginal GEV pdf at site 7, ¢ is the standard normal

pdf and ¥y is the joint pdf of an m-dimensional multivariate
normal distribution.
Exponential dependence matrix:

2(i,j) = exp(—|[si —sj [|/ao)

(15)

ag is the copula range parameter. Termed the dependogram since

values are not covariances [Renard 2011].
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Model Structure

Precipitation model:

y(s/ t) ~ GCOpm[Z; P‘y(sr f),O'y(S, t)/ gy] (16)
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Model Structure

Precipitation model:

y(s/ t) ~ GCOpm[Z; Vy(sr t),O'y(S, t)/ gy] (16)
py(,8) = X3 (5) Bys + X1 (£) By +Wy(s 1) (17)
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Model Structure

Precipitation model:

y(S, t) ~ GCOpm [2; Vy(sr t),O'y(S, t)/ Cy] (16)
py(,8) = X3 (5) Bys + X1 (£) By +Wy(s 1) (17)
Uy (S/ t) = Xg(s) ﬁa,s + Xz(t) ﬁa,t + WU(SI t) (18)
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Model Structure

Precipitation model:

y(S, t) ~ GCOpm [2; Vy(sr t),O'y(S, t)/ Cy] (16)
py(,8) = X3 (5) Bys + X1 (£) By +Wy(s 1) (17)
Uy (S/ t) = Xg(s) ﬁa,s + Xz(t) ﬁa,t + WU(SI t) (18)

Streamflow model:

z(t) ~ GEV[u,(t),0:(t), ;] (19)
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Model Structure

Precipitation model:

y(s/ t) ~ GCOpm [2; Vy(sr t),O'y(S, t)/ Cy] (16)
Hy(s,t) = X3 (8) By 7 (£) By +Wils, ) (17)
Uy (S/ t) = Xg(s) ﬁa,s + Xz(t) ﬁa,t + WU(SI t) (18)

Streamflow model:

z(t) ~ GEV[Hz(t)rUz(t)r Cz] (19)
pz(t) = bupy(s*,t) +cu + &y (20)
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Model Structure

Precipitation model:

y(s/ t) ~ GCOpm [2; Vy(sr t),O'y(S, t)/ Cy] (16)
Hy(s,t) = X3 (8) By 7 (£) By +Wils, ) (17)
Uy (S/ t) = Xg(s) ﬁa,s + Xz(t) ﬁa,t + WU(SI t) (18)

Streamflow model:

z(t) ~ GEV[Hz(t)rUz(t)r Cz] (19)
pz(t) = bupy(s*,t) +cu + &y (20)
02 (t) = beoy(s*, t) +co + &¢ (21)
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Model Structure

Precipitation model:

y(s,t) ~ GeopuZ; ]/ly(s,t),(fy(s,t),gy] (16)
py(,8) = X3 (5) Bys + X1 (£) By +Wy(s 1) (17)
Uy (S/ t) = Xg(s) ﬁa,s + Xz(t) ﬁa,t + WU(SI t) (18)

Streamflow model:

z(t) ~ GEV[Hz(t)/Uz(t)r gz] (19)
pz(t) = bupy(s*,t) +cu + &y (20)
02 (t) = beoy(s*, t) +co + &¢ (21)

ey ~N(0,04), es ~ N(0,0,)
s* - Streamflow region b, ¢;, by, c; - Regression coefficients
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Study Region
Small HCDN basin in Southern California, rainfall runoff dominated
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Expected Results

» Nonstationary gridded return levels
» Future projections of precipitation and streamflow return levels
and uncertainty quantification

Annual Fraction of Precipitation above 99th percentile

140 CONUS
= Observations
120}/ — RcPss
= RCP4.5
100} — historical
& sof
£
©
G
o 60
=4
g
3 40f
20¢
o
=20
1920 1960 2000 2040 2080
Year

Figure from [Wuebbles et al. 2014].
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Chapter 4 - Hydroclimate frequency analyses for dam safety: case
studies using traditional and modern methodologies
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Motivation

» Reclamation regularly
performs hydroclimate
frequency analyses
related to dam safety

» These studies are
aimed at providing
return levels for
precipitation, flow and
water elevation in
particular reservoirs

Chapter 2 References

0000000000

Chapter 3
0000000

Chapter 4
@0000

RECLAMATION

Managing Water in the West

Friant Dam Hydrologic Hazard for
Issue Evaluation

Central Valley Project, CA
Mid-Pacific Region

U.S. Department of the Interior
Bureau of Reclamation

September 2013
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The current approach

The current approach:

1. Develop precipitation and flood frequency curves for the basin
(by assuming some probability distribution for the data).

2. Develop reservoir elevation frequency curve by routing peak
flow event hydrographs.

3. Quantify uncertainty with resampling approach (via Latin
Hypercube Sampling for example).
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Drawbacks of the current approach

Drawbacks: w0 -

» Frequency curves for T
precipitation, flow and . e —
reservoir eIeVatiOn are Top of Dant (Parapet Wall) = 585 ft - - st P
estimated e

independently, making
uncertainty

Elevation (ft)
\
\
\

prOpagatlon d |fF|CU It - iEE;MCZ:::izis:?:t‘:ril:lncenai"ty)
—— SEFM Routed Results (Kappa Distribution)
» Return levels are

developed under an
assumption of
temporal stationarity

1
H 2 1 05 0.1 0.01 1E3

% AEP
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Proposed approach and Expected results

Proposed approach:

» Hierarchical nonstationary spatial model for precipitation, flow
and reservoir elevation, similar to Chapter 3

» Quantification of uncertainty, compare to previous dam safety
studies

Expected results:

» Extreme flow, precipitation and reservoir elevation frequency
curves for several dams in the western US

» Direct comparison to existing dam safety frequency analyses

» Suggested methodology for conducting dam safety frequency
analyses
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Progress

» Chapter 1 - Published online, May 19 2015, Journal of
Geophysical Research: Atmospheres

» Chapter 2 - Under internal review, expected submission this
Summer 2015

» Chapter 3 - Fall 2015
» Chapter 4 - Spring 2016
» Defense - Spring 2016
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Results — Return Levels

To compute posteriors of return levels on a grid:
1. For each GEV paramter, take a posterior set of GP values for
at knot locations and covariance parameters
Conditionally simulate on 1/8th° grid

Compute r-year return level (100 year for example) at each
grid cell

4. Repeat for each posterior parameter set for posteriors on
return level

58 /60



Crash Courses Chapter 2 Chapter 3

Introduction Chapter 1
0000000000 0000000

000000 000000000000 00000000

Parameters/Likelihood /Priors

Q= (ﬁy/ ﬁo‘/ ﬁgl 9;41 9(7/ 6@/ W;/ Wz;/ WE)
> ‘BWﬁU, ,Bér — Regression parameters

Chapter 4 References
00000

» 0,0, 0z — Cov parameters: marginal variance, range, small

fixed nugget for numerical stability

* *
> W, W,

Posterior probability:

, Wz — GP at knot locations w}; ~ MVN(0,%;)

p(QIY) & p(Y (1) Wy Wo, WE, Bs Bos Ber X' (8)):

(
p(wy, | 04) p(wg | 60) p(wi | 0z)-

p(ﬁy) p(ﬁa) p(ﬁg) :
p(6,) p(6,) p(6;)
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Parameters/Likelihood /Priors

log(p(Y (1) | Wl e Wi, By By BerxT(5)) = 22 — 110g(GEV (y(s,
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