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ABSTRACT

Recently dam managers have begun to use data produced by regional climate models to estimate how

probable maximum precipitation (PMP) might evolve in the future. Before accomplishing such a task, it is

essential to assess PMP estimates derived from regional climate models (RCMs). In the current study PMP

over North America estimated from two Canadian RCMs, CanRCM4 and CRCM5, is compared with esti-

mates derived from three reanalysis products: ERA-Interim, NARR, and CFSR. An additional hybrid

dataset (MSWEP-ERA) produced by combining precipitation from the Multi-Source Weighted-Ensemble

Precipitation (MSWEP) dataset and precipitable water (PW) from ERA-Interim is also considered to derive

PMP estimates that can serve as a reference. A recently developed approach using a statistical bivariate

extreme values distribution is used to provide a probabilistic description of the PMP estimates using the

moisture maximization method. Such a probabilistic description naturally allows an assessment of PMP es-

timates that includes quantification of their uncertainty.While PMP estimates based on the twoRCMs exhibit

spatial patterns similar to those of MSWEP-ERA and the three sets of reanalyses on the continental scale

over North America, CanRCM4 has a tendency for overestimation while CRCM5 has a tendency for modest

underestimation. Generally, CRCM5 shows good agreement with ERA-Interim, while CanRCM4 is more

comparable to CFSR. Overall, the good ability of the two RCMs to reproduce the major characteristics of the

different components involved in the estimation of PMP suggests that they may be useful tools for PMP

estimation that could serve as a basis for flood studies at the basin scale.

1. Introduction

Probable maximum precipitation (PMP) is the great-

est accumulation of precipitation for a given duration

meteorologically possible for a given area at a particular

time of year, with no allowance made for long-term

climatic trends (WMO2009). PMP is required to estimate

the largest flood that could occur in a given watershed,

known as the probable maximum flood (PMF). The

PMP/PMF is a rational engineering concept used to

provide informational products commonly needed for

the design of infrastructure for water retention (dams),

where failure would be disastrous (Kunkel et al. 2013).

Operational PMP estimation procedures, which in-

volve a number of steps, assumptions, data that are un-

certain, and physical judgments, seek to obtain estimates

of precipitation amounts that are unlikely to be excee-

ded. An approach that is often used by engineers is the

so-called moisture maximization method. Moisture max-

imization (WMO 2009) considers that a storm has two

relevant factors: precipitable water (PW) and precipi-

tation efficiency (PE) (Rakhecha and Clark 1999). PW

is the total atmospheric column water vapor, whereas

PE is the ratio of the actual precipitation amount

to PW. The moisture maximization approach obtains

PMP estimates as the product of the maximum PE of
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historically important storms with the climatologi-

cally maximum PW.

Global climate models (GCMs) are useful for simu-

lating the large-scale climate evolution and to develop

and examine projected changes in climate extremes and

especially extreme precipitation events at the scales that

are resolved by the models. However, information pro-

vided by GCMs cannot be directly used by many users of

climate information due to their coarse resolution. Re-

gional climate models (RCMs) have been developed to

downscale GCMs to a higher resolution, and thus to

provide information at regional scales that is better suited

to basin representation for hydrological studies.

In the context of climate change and the projected

increase in global temperature, the atmosphere’s water

holding capacity is expected to increase by about 7%per

18C warming according to the Clausius–Clapeyron equa-

tion. Global temperature is projected to increase by 2.68–
4.88C by the late twenty-first century over its 1986–2005

value under the RCP8.5 scenario (Collins et al. 2013).

Such increases may lead to more intense precipitation

events. Hence, updating PMP estimates to consider fu-

ture climate conditions represents a growing issue that

needs to be addressed for dam safety. In this regard, the

direct use of RCM simulations may provide a straight-

forward and comprehensive way to derive PMPestimates

corresponding to future climate conditions. Although

RCMs and climate models have started to be used

to derive PMP estimates in the last few years (Ohara

et al. 2011; Beauchamp et al. 2013; Rousseau et al. 2014;

Rouhani and Leconte 2016; Chen et al. 2017; Rastogi et al.

2017; Chen and Hossain 2018; Gangrade et al. 2018; Yang

and Smith 2018), a careful evaluation of their performance

with respect to PMP estimation as well as the different

components involved in calculating PMP is required. For

instance, Paquin et al. (2016) showed that PWfromversion

4.2.4 of the Canadian Regional Climate Model (CRCM)

could be incorporated into PMP and PMF studies and

suggest that this might hold for RCMs in general.

While it is important to assess PMP calculated from

RCM outputs, increasing the confidence in the reliabil-

ity of such assessments remains a big challenge due to the

deterministic nature of most PMP estimation methods.

Indeed, PMP estimation methods generally produce only

single values that are not accompanied by uncertainty

estimates. The fact that uncertainty is not quantified for

PMP estimates has been criticized by many hydrologists

(Benson 1973; Kite 1988; Koutsoyiannis 1999; Papalexiou

and Koutsoyiannis 2006; Dingman 2008; Shaw et al. 2010;

Salas et al. 2014; Micovic et al. 2015; Chen et al. 2017).

Nevertheless, only few studies have considered the un-

certainty of PMP estimates (Salas et al. 2014; Micovic

et al. 2015; Salas and Salas 2016).

The main objective of this paper is to compare and

assess PMP estimates based on the output of two

Canadian regional climate models, CanRCM4 and

CRCM5, overNorthAmerica. To this end, a probabilistic

extension of the usual moisture maximization method

proposed byBenAlaya et al. (2018) is adopted to provide

a probabilistic description of the operational PMP esti-

mate obtained using the moisture maximization method.

Such a probabilistic description naturally leads to an as-

sessment of the ability of the two RCMs to support

PMP estimation that includes quantification of their

uncertainties. This approach uses a bivariate extreme

value model based on asymptotic theory to approximate

the joint distribution of the annual extremes of PE and

PW. A copula function is used to represent the depen-

dence between PW and PE extremes. The remainder of

the paper is structured as follows. The next section de-

scribes the datasets and methods. Results and discus-

sions are given in section 3, followed by conclusions that

are given in section 4.

2. Datasets and methods

a. Datasets

Our study compares and assesses the ability of the

two recently developed Canadian RCMs, CanRCM4

and CRCM5, to support PMP estimation over North

America. Model simulations were assessed over the

period 1979–2005. CRCM5 (Hernández-Díaz et al.

2013; Laprise et al. 2013; �Separović et al. 2013) was

developed by the Centre pour l’Étude et la Simulation

du Climat à l’Échelle Régionale (ESCER) at UQAM,

whereas CanRCM4 (Scinocca et al. 2016) was de-

veloped by the Canadian Centre for ClimateModelling

and Analysis (CCCma) at Environment and Climate

Change Canada. Both models are used in the interna-

tional Coordinated Regional Climate Downscaling Ex-

periment (CORDEX; Giorgi et al. 2009) project. They

share the samedynamics asEnvironmentCanada’sGlobal

Environmental Multiscale (GEM) forecast model (Côté
et al. 1998) but use different packages of physical param-

eterizations. Both RCMs use a rotated pole grid (83.08W
and 42.58N).Multiple CanRCM4andCRCM5 runs driven

by the second generation Canadian Earth System Model

(CanESM2) are available for both historical and future

climates. Most of the available CanRCM4 runs use

spectral nudging for scales larger than 1000 km, while

most CRCM5 runs have a free interior. In this work

we focus mainly on one run for each of CanRCM4

and CRCM5, where both runs are driven by the same

CanESM2 simulation. Both runs are at a horizontal

resolution of 0.448. The CanRCM4 run uses spectral

nudging while the CRCM5 run is free (see Table 1 for
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descriptions of the RCM simulations). From the numer-

ous variables that are available from these models, we

used the total precipitation and precipitable water (cor-

responding the water vapor path vertically integrated

through the atmospheric column), both at a 6-hourly

temporal resolution.

The decision to analyze CanESM2 driven simulations

implies that some biases in outputs of the RCMs may

be due to biases that are propagated from the driving

CanESM2 run. While this bias component might be

avoided by using reference simulations that are driven

by ERA-Interim, such simulations are only available

from 1989 to 2009, which is too short to reliably fit the

bivariate extreme value model. In addition, our main

interest is to evaluate historical RCM runs that will

subsequently be used to provide reference levels for

projecting future changes in PMP.

The model simulations will be compared to three re-

analysis products over the period 1979–2005: the North

AmericanRegionalReanalysis (NARR; 0.338) (Mesinger

et al. 2006), ERA-Interim (0.758) (Dee et al. 2011), and

the NCEP Climate Forecast System Reanalysis (CFSR;

0.318) (Saha et al. 2010). The main advantage of using

reanalyses is that their gridded output is more compa-

rable to model output representing spatial scales of a

gridbox size and larger, as opposed to station data that

are by their nature local point measurements. A re-

searcher using the reanalysis for comparison should be

aware, however, that the different outputs of reanalysis

products are not uniformly reliable. The precipitable

water is partially defined by the observations but is also

strongly influenced by the model characteristics, which

is why it is classified as a type B (although there are ob-

servational data that directly affect the value of the var-

iable, the model also has a very strong influence on the

analysis value) variable in Kalnay et al. (1996). Confi-

dence in precipitation from reanalyses is generally much

lower than that in precipitable water because precipita-

tion observations are generally not assimilated, and thus

precipitation would typically be considered to be a type

C (indicating that there are no observations directly af-

fecting the variable, so that it is derived solely from the

model fields forced by the data assimilation to remain

close to the atmosphere) variable. In general, precipita-

tion from reanalyses is only weakly constrained in the

model by assimilated observations. An exception is the

NARR, which does assimilate precipitation observations

to adjust the accumulated convective and gridscale pre-

cipitation, the latent heating, the moisture, and the cloud

fields based on differences between the modeled and

observed hourly precipitation. While the NARR pre-

cipitation assimilation scheme ensures a somewhatmore

realistic representation of precipitation, the reliability

of the NARR product is not spatially uniform and is

strongly related to the rain-gauged density. For instance,

Mo et al. (2005) and Mesinger et al. (2006) identify that

NARR precipitation products are less reliable outside

the United States where fewer observations are assimi-

lated. Given all these issues with using precipitation

from reanalysis, an additional precipitation dataset, the

Multi-SourceWeighted-EnsemblePrecipitation (MSWEP)

dataset (Beck et al. 2017) over the period 1979–2005, is

also considered. MSWEP merges surface-based observa-

tions, remotely sensed observations, and reanalysis prod-

ucts to create a global 3-hourly precipitation dataset

on a 0.258 grid that is specifically designed for hydro-

logical modeling. The long-termmean of precipitation

in MSWEP is based on the CHPclim dataset, but is

replaced with more accurate regional datasets where

available. In addition a correction for gauge undercatch

and orographic effects is performed in MSWEP by in-

ferring catchment-average precipitation from stream-

flow observations at 13 762 stations across the globe.

The temporal variability of precipitation is determined

by weighted averaging of precipitation anomalies from

seven datasets including rain gaugemeasurements (CPC

Unified and GPCC), three satellite remote sensing prod-

ucts (CMORPH, GSMaP-MVK, and TMPA 3B42RT),

and two atmospheric model reanalyses (ERA-Interim

and JRA-55). Details, including references for the da-

tasets that are incorporated in the MSWEP product,

can be found in Beck et al. (2017).

We use precipitation data fromMSWEP together with

PW data from ERA-Interim to construct a PE dataset

that can serve as a reference for the comparison between

RCMs and reanalysis products. A bivariate extreme

value model combining precipitation from MSWEP

and PW fromERA-Interim will also be used to compute

PMP values that can serve as reference for comparison

and assessment purposes.

b. Methods

Moisture maximization is the commonly used ap-

proach to estimate PMP. This approach involves a

TABLE 1. Details about regional climate models used in the current analysis.

Institute Boundary condition Spatial resolution (8) Domain size Interior

CanRCM4 CCCma CanESM2 0.44 155 3 130 Spectral nudging

CRCM5 UQAM CanESM2 0.44 172 3 160 Free
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computation that separately maximizes PW and PE

and considers the PMP event as the worst case sce-

nario under which the maximum PE and maximum

PW events occur simultaneously. Hence, operation-

ally, PMP would be obtained as the product of the two

maximums. However moisture maximization suffers

from inherent drawbacks related to (i) the sensitivity

of the PMP value to two particular observations, the

maximum observed PW over the entire PW sample,

and the maximum PE for the entire PE sample; (ii) the

lack of consideration of a realistic dependence struc-

ture between PE and PW extremes due to the as-

sumption of the simultaneous occurrence of the two

maxima; and finally (iii) the fact that the uncertainty

of the calculated PMP value is not quantified. To ad-

dress these drawbacks, Ben Alaya et al. (2018) pro-

posed a bivariate extreme value analysis model to

produce PMP estimates and quantify their uncertainty.

This approach, which is used in the current analysis,

is based on simulating PMP values using a bivariate

extreme value model of PE and PW. The model is

briefly described in the following section 2b(1), while

the algorithm for deriving PMP estimates as well the

comparison and assessment method are presented in the

following section 2b(2).

1) BIVARIATE EXTREME VALUE ANALYSIS OF

EXTREME PW AND PE

In a first step, the generalized extreme value (GEV)

distribution is used to approximate the marginal distri-

butions of the seasonal maxima of PW and PE. The

GEV distribution is given by

G(y;m,s, j)5

8><
>:

exp
n
2
h
11j

�y2m

s

�i21/jo
, if j 6¼ 0,

exp
h
2exp

�
2
y2m

s

�i
, if j5 0,

(1)

which is defined on {y:11 j(y2 m)/s . 0}. The location

parameter (2‘, m, ‘) determines the position of the

PDF, and the scale parameter (s . 0) determines the

width of the PDF. The shape parameter (2‘ , j , ‘)
describes the form of the decay of the distribution in the

upper tail, that is, for large values of y (Coles et al. 2001;

Embrechts et al. 2013). We fit GEV distributions sepa-

rately tomaxima of PW and PE for each grid box and for

each season. The three GEV distribution parameters are

estimated using the robust method of L-moments (Hosking

1990). The shape parameter is subsequently adjusted to

ensure feasibility as suggested by Dupuis and Tsao (1998).

The joint behavior of the PE and PW extremes, in-

cluding their dependence, can be considered by using

an extreme value copula function to connect the two

GEV distributions. Sklar’s theorem states that every

joint cumulative distribution function H(x, y) of the

random variables X and Y can be expressed in terms

of its margins F(x) and G(y) and a copula function

C as

H(x, y)5CfF(x),G(y)g, x, y 2 R , (2)

where C:I 3 I / I(I 5 [0, 1]) such that

1) for every u, y 2 I,C(u, 0)5 0,C(u, 1)5 u,C(0, y)5 0

and C(1, y) 5 y, and

2) for every u1, u2, y1, y2 2 I where u1 # u2 and y1 # y2 ,

C(u2, y2)2 C(u2, y2)2 C(u2, y1)2 C(u1, y2)1 C(u1,

y1) $ 0.

An extreme value copula C has the further property of

being max stable, meaning that if (U1, V1), (U2, V2), ...,

(Un, Vn) are independent and identically distributed

(iid) random pairs from C and Pn 5 max{U1, U2 ,..., Un}

andQn5max{V1,V2, ...,Vn}, then the copula associated

with the random pair (Pn, Qn) is also C (Beirlant et al.

2006; Genest and Segers 2009). Any extreme value

copula may be expressed in the following form (Genest

and Segers 2009):

C(u, y)5 (uy)A[log(u)/log(uy)], (u, y) 2 [0, 1]2, (3)

whereA:[0, 1]/ [1/2, 1] is convex and satisfies max{12
t, t} # A(t) # 1 " t 2 [0, 1]. The term A is known as the

Pickands dependence function. As in Ben Alaya et al.

(2018), we use the Gumbel copula in the current work

due to its ease of implementation and the ease of sim-

ulation from the Gumbel copula. The Gumbel copula

with parameter u is an extreme value copula with de-

pendence functionA(s)5 [su1 (12 s)u]1/u. We estimate

u using the maximum likelihood method. While there

are many parametric copula models, we are limited to

the use of an extreme value copula. In addition, the

Gumbel copula is the only extreme value copula that is

also Archimedean (which have the benefit of being well

studied in the statistical literature, indeed many well-

known systems of bivariate distributions belong to this

class) (Genest and Rivest 1993). Previous studies as

discussed in Ben Alaya et al. (2018) have demonstrated

that the Gumbel copula performs well for modeling

multivariate hydrological extremes (Serinaldi 2008).

One approach that can be used to assess the suitability of

the Gumbel copula is to compare the upper tail de-

pendence coefficient estimates obtained by fitting the

Gumbel copula to the corresponding nonparametric

estimator of Capéraà et al. (1997). This coefficient

describes the dependence between extreme values of

PW and PE. Ben Alaya et al. (2018) demonstrate that
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the Gumbel copula performs well in representing the

tail dependence of CanRCM4 simulated seasonal and

annual PW and PE extremes.

2) PMP USING THE BIVARIATE EXTREME VALUE

MODEL

To estimate a PMP value at a given location, the bi-

variate GEV models that were fitted for each season at

that location can be used to simulate seasonal maxima of

PE and PW and thus to obtain an annual maximized

precipitation value for each grid box (Ben Alaya et al.

2018). A simulated PMP value based on an m-year re-

cord can then be obtained by keeping the largest of m

simulated annual maximized precipitation amounts. Re-

peating this process a number of times allows us to sim-

ulate the distribution of PMP based on m-year records,

and thus its uncertainty.

We apply the simulation approach using estimates of

seasonal bivariate extreme value distributions of PE and

PW that are based on data covering a short 27-yr period

(the length of the shortest reanalysis). Nevertheless, the

PMP distribution is obtained by simulating periods of

length m 5 100 years from the fitted bivariate distribu-

tions. The choice ofm5 100 years is arbitrary, although

WMO (2009) does recommend that a 100-yr return level

for PW be considered as the climatological maximum

PW when estimating PMP from data records shorter

than 50 years. The small sample size that is used to fit

the bivariate extreme value distribution implies that the

derived PMP estimates may be affected by high uncer-

tainty. We therefore also incorporate simulation steps

that account for this source of sampling uncertainty. The

following algorithm is therefore used for each grid box

(Ben Alaya et al. 2018) to simulate a distribution for

PMP based on years that also accounts for uncertainty in

the fitting of the bivariate extreme value model for PE

and PW:

1) Draw four random samples of 27 pairs of PE and

PW seasonal maxima (one sample of 27 pairs for

each season) with replacement from available data.

The resampling is done on years such that selecting a

year implies that all bivariate seasonal maxima for

that year have the corresponding data value included

in the bootstrap samples.

2) Fit the four bivariate extreme value models to each

of the four samples drawn in step 1 so that one

bivariate GEV model is available for each season.

3) Draw a sample of m 5 100 independent pairs of PE

and PW extremes from each of the four bivariate

distributions obtained in step 2.

4) Compute the products of the simulated 4 3 m pairs

of extreme PE and PW values drawn in step 3.

5) Keep the largest of the products computed in step 4;

this value represents one realization of PMP esti-

mated via moisture maximization based on anm-year

sample. The use of four bivariate GEV models cor-

responding to each season ensures that the simulated

PMP value is obtained using PW and PE values

occurring within the same season, as it is commonly

recommended in practice.

6) Repeat steps 1–5 to simulate the expected variation

in PMP estimates that would occur in repeated ana-

lyses of independent m-year periods under the same

hydroclimatic conditions.

This algorithm uses a doubly nested resampling strat-

egy. In a first step, regular nonparametric resampling with

replacement (simple bootstrap sampling) accounts for

sampling error in the estimated bivariate GEV model,

while the second step (parametric resampling) allows

simulation of a PMP value and accounts for sampling

error in that value given the fitted bivariate GEV dis-

tribution. Leaving aside the uncertainties that are due to

the different steps involved in PMP estimation (Micovic

et al. 2015), as well uncertainties due to the choice of

data source (selection of one many possible GCMs or

reanalyses) for driving the RCM, the two resampling

operations, in sequence, allow us to quantify the com-

bined impact of the two sources of sampling error re-

garding the input data.

A number of multivariate statistical models are

available to represent the dependence between ex-

tremes. The bivariate extreme value model used here

is obtained as an extension of the univariate GEV

model. Depending on the choice of the extreme value

copula that is incorporated into the bivariate model,

PMP estimates will either reproduce the operational

moisture maximization calculation or differ somewhat

from that calculation (Ben Alaya et al. 2018). The pro-

posed approach will nevertheless provide uncertainty

estimates in both cases. It should be noted that the bi-

variate extreme value model is based on asymptotic

theory whereby the two components, PW and PE, con-

verge to their limiting distributions at the same rate.

Application of the theory requires a decision about

whether are PW and PE independent or dependent

in the asymptotic limit. Ben Alaya et al. (2018) show

that the traditional operational approach requires the

assumption of total dependence between the annual

extremes of PE and PW, which may lead to an over-

maximization in PMP estimates. While we still assume

asymptotic dependence, the total dependence assump-

tion is relaxed by modeling seasonal extremes using an

extreme value copula that can represent different de-

grees of dependence.
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3) COMPARISON AND ASSESSMENT METHOD TO

DERIVE PMP ESTIMATES

To assess PMP estimates over North America derived

from the outputs from the two RCMs, we fit bivariate

extreme values distributions to seasonal maxima of PW

and PE for both RCMs, the three sets of reanalyses, and

the MSWEP-ERA dataset. Grid cells representing the

ocean on the native grid of each dataset were removed.

To simplify subsequent data manipulation the seasonal

maxima from the reanalyses,MSWEP-ERAandCRCM5

were interpolated to correspond to the CanRCM4

CORDEX North America grid using the k nearest

neighbor method.

A common approach for computing PMPoften involves

the use of storm transposition (Foufoula-Georgiou 1989)

as a means of incorporating additional information about

precipitation events from nearby locations. Ben Alaya

et al. (2018) exploited the gridded nature of climatemodel

output to incorporate a simplified transposition step

pooling the block maxima of precipitation efficiency us-

ing 33 3moving windows of grid boxes. In the same way,

in the current work we separately fit the seasonal GEV

distributions to maxima of seasonal maxima of PE from

the surrounding 33 3 grid box region (only themaximum

surrounding 3 3 3 grid box region is retained for each

year) and to the seasonal maxima of PW at the grid box.

Once distributions are fitted, we first assess how well

the RCMs reproduce the three components of the bi-

variate extreme value distribution (the marginal GEV

distributions for PE and PWand theGumbel copula) for

each season at each grid box over North America. Fol-

lowing this, the two PMP estimates that are obtained for

each RCM are assessed at grid boxes. The models are

also assessed at the scale of the Bukovsky regions

(Bukovsky 2012) presented in Fig. 1. For the latter,

regional bivariate extreme value distributions were

obtained by spatially averaging the bivariate GEVmodel

parameters obtained in step 2 of the resampling process for

eachBukovsky region. Then, regional PMPestimateswere

obtained by using the resulting regional bivariate distri-

bution in each step 3 of the simulation algorithm. Again,

the two RCMs were assessed and compared to reanalyses

and MSWEP-ERA, first, based on their abilities to re-

produce the three components of each regional bivariate

extreme value distribution for each season, and then based

on their abilities to derive regional PMP estimates. This

regionalization is used to provide a summary of findings

for a ‘‘typical’’ 33 3 gridbox areawithin a givenBukovsky

region. This is justified by the fact that Bukovsky regions

reflect, at a large scale, roughly consistent temperature,

precipitation and storm track climatologies. The char-

acterization of typical PMP estimates within Bukovsky

regions should not be confused with regionalization steps

(such as storm transposition) that are commonly used

to reduce uncertainty in model parameter estimates

by pooling information within homogenous regions.

3. Results and discussions

a. Precipitable water results

Univariate GEV models are first fitted separately to

the seasonal maxima of PE from the surrounding 3 3 3

grid box region and to the seasonal maxima PW at the

grid box for the twoRCMs and the three reanalyses. The

Kolmogorov–Smirnov (KS) goodness-of-fit test is used

at each grid box to assess the differences between the

empirical and the fittedGEV cumulative distributions at

the 5% significance level. Note however, that the small

27-yr sample size will considerably restrict the power of

this test to detect lack of fit. Figure 2 presents maps of

the estimated GEV parameters of PW winter maxima

for the two RCMs and the three sets of reanalyses,

plotted on the CanRCM4 grid. KS test results are also

shown in Fig. 2. Similar figures for each of the other

seasons are presented in the online supplemental ma-

terial (see Figs. S1–S3). In the case of PW, the KS tests

indicate that a GEV distribution reasonably approxi-

mates the distribution of extremes of PW over the ma-

jority of grid boxes of bothRCMs and reanalysis products

for the winter season (DJF). The percentage of grid boxes

failing the KS test is equal to 0.8% in CanRCM4 and

CRCM5, 2.9% in ERA-Interim, 5.2% in NARR, and

4.5% in CFSR during the winter, and comparable results

were obtained for the other seasons. Most of the grid

boxes failing the KS test are located in areas of complex

topography, along the west coast of the continent and in

the Mountain West (MtWest) region.

As shown in Fig. 2 and similar figures for other seasons

in the supplemental material (Figs. S1–S3), there is very

good agreement between the GEV parameters in all

FIG. 1. Bukovsky regions used in this study over North America.
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models mainly for the location parameters where some

common features are obvious in both RCMs and re-

analysis for all seasons. These include high values over

Baja California, reduced values over the Appalachians,

and a visible dryline in central North America that

separates the moist air from the Gulf of Mexico and the

dry air from the desert southwestern states. High values

of the scale parameter can be seen over Baja California

in both RCMs and reanalyses for all seasons except the

summer. Note that CanRCM4, with broadly larger scale

FIG. 2. Estimated GEV model parameters for PW for both RCMs and reanalyses for the winter season (DJF). Red points in the KS test

column denote locations of grid boxes failing the KS test.
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parameter values east of the dryline during the sum-

mer season, appears to be a bit different compared to

CRCM5 and the reanalyses. On the other hand, while

the seasonal scale parameter estimates are noisy, there

is broad consensus between models and reanalyses on

average. With a frequently near zero, or negative shape

parameter estimates, the two Canadian RCMs show

good general agreement with the reanalyses in reproduc-

ing the shape parameter. In conclusion empirical evidence

from both the RCMs and reanalyses suggests that PW is

bounded. While the noisy shape parameter estimates are

harder to interpret, two prominent dissimilarities between

RCMs and reanalysis are apparent. The first is the posi-

tive values in the RCMs over the western part of North

America that are not seen in the reanalyses. The second is

the positive values over the southeast in reanalysis that are

not seen in the RCMs during the fall and winter seasons.

Both of these differences could be related to driving the

RCMs with CanESM2 rather than reanalyses.

Precipitable water GEV distributions representative

of locations within Bukovsky regions are obtained by

averaging single grid boxes GEV parameters over each

Bukovsky region. As shown in Fig. 3, on the continental

scale, the PDFs of PW for both RCMs are in good

agreement with reanalyses during the winter. Similar

figures to Fig. 3 for the other seasons are presented in

supporting information (see Figs. S4–S6). For the other

season, where there are differences, CRCM5 tends to

outperform CanRCM4 and exhibits better agreement

with reanalysis products. During the fall and summer,

the CanRCM4 PDF is shifted to lower values com-

pared to the other PDFs, mainly in the Central, Des-

ert, PacificSW, and South regions, and hence exhibits

a negative bias compared to reanalysis products.

b. Precipitation efficiency results

We now evaluate the ability of the two RCMs to ad-

equately reproduce the distribution of seasonal maxima

of PE. The percentage of grid boxes failing the KS test

performed at the 5% significance level is smaller than or

consistent with the expected 5%, with values between

0.8% inERA-Interim during the spring (see Fig. S7) and

FIG. 3. PDF plots of the regional precipitable water GEV distribution for both RCMs and reanalyses during DJF.
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8% in NARR during the winter (see Fig. 4). Similar to

PW, grid boxes where the KS test fails are mostly lo-

cated along the west coast of the continent and in the

Mountain West region. Particularly, for NARR, grid

boxes failing the KS test were also found along the U.S.

borders during the spring and summer seasons (see

Figs. S7 and S8). This is presumably related to the use

of different precipitation data sources from different

countries in the precipitation assimilation process. In

general, we may conclude that there is little evidence

of an obvious misfit of the GEV distribution to annual

maximum PE in both RCMs and reanalyses in most

regions.

Maps of the estimated GEV parameters of PE winter

maxima for the two RCMs and reanalyses are presented

in Fig. 4. GEV parameters of PE for the other seasons

are also shown in the supplemental material (Figs. S7–

S9). Extreme PE distributions appear to be less consis-

tent between models than for PW. There is substantial

dissimilarity between the reanalyses as well, and thus

direct comparison of the two RCMs with the reanalyses

in term of PE does not allow us to draw conclusions

about which model performs better than the other. In-

deed the reliability of reanalyses to produce PE also

needs to be assessed. To this end, MSWEP-ERA data

that is constructed by combining precipitation data from

MSWEP with PW data from ERA-Interim is used as a

reference. The choice of ERA-Interim reanalysis, here,

among reanalysis, is arbitrary; it is expected that this

choice does not influence the constructed data due to the

high level of similarity between PW simulated from the

three reanalyses. Maps of estimated GEV parameters

of PE annual maxima for MSWEP-ERA data are also

presented in Fig. 4 (as well in corresponding figures in

the supplemental material). As one can note, the shape

parameter of seasonal maxima of PE does not exhibit

strong spatial variation for any of the datasets. In contrast

to annual maximum PW, which is dominantly Weibull,

annual maximum PE is most frequently Gumbel. Indeed

the mean value of the shape parameters over all North

America is approximately zero (see Fig. 4). Exceptions

are the PacificSW region during the summer and the

Desert region during the spring and summer, where all

models show that PE maxima seem to be dominantly

Weibull. In conclusion, empirical evidence through

the extreme value theory suggests that PW is bounded

whereas PE is unbounded. We suspect that such a

result may reflect the role of atmospheric convergence

in transporting moisture into the atmospheric column,

thereby replenishing moisture that precipitates out of

the atmospheric column. Such a process can, over a

6- or 24-h period, result in accumulations several times

larger than PW.

The lack of consistency in reproducing extreme PE

in both RCMs and reanalyses can be in part linked to

their dissimilarity in reproducing extreme precipitation

[see Fig. S10; also a basic assessment of CanRCM4 and

CRCM5 abilities to simulate precipitation extremes can

be found in Whan and Zwiers (2016)]. Since CanRCM4

and CRCM5 share the same dynamical core and are

driven by the same CanESM2 simulations, the dissimi-

larity between them would be mainly related to their

physics packages and possibly their driving strategies

(i.e., whether spectral nudging is used). By examining

the GEV parameters of PE annual maxima obtained

from a CanRCM4 simulation without spectral nudging

(not shown) we did not find a significant difference with

the CanRCM4 spectrally nudged simulation analyzed in

this study. Hence, we conclude that the driving strategy

is not likely the main cause of the dissimilarity between

the two RCMs. Instead, this is more likely due to differ-

ences in their physical packages including the differences

in the parameterization of convective and stratiform

precipitation (Scinocca et al. 2016).

On the continental scale both RCMs and reanalyses

exhibit reasonable spatial correlation with MSWEP-

ERA (see Fig. 5) data for the location parameter and

in some cases the scale parameter of seasonal extreme

PE. Whereas for the shape parameter, this spatial cor-

relation is lower for both RCMs and reanalyses, with

CFSR exhibiting the highest correlation for all seasons.

Such small correlations related to the shape parameter

estimates are expected. Indeed these small correlations

reflect the high uncertainty in the shape parameter es-

timates and the possibility that there may be little real

spatial variation in their values. In terms of root-mean-

square differences (RMSD), CRCM5 performs some-

what better than CanRCM4 for the three parameters

during the spring and summer seasons (see Figs. S7

and S8).

Regional GEV distributions for PE were obtained by

averaging gridbox GEV parameters over each Bukovsky

region. As shown in Fig. 6 and Figs. S11–S13, in most

regions, and most seasons CanRCM4 is more compa-

rable, in general, to ERA-Interim and CFSR. CRCM5

PDF is shifted to higher values compared to the other

PDFs during the winter and fall seasons and hence ex-

hibits positive biases compared to reanalysis products

and MSWEP-ERA. On the other hand, NARR gener-

ally exhibits positive biases compared to the othermodels

over most regions and seasons. As we can see from Fig. 7,

CRCM5, in general, underestimates the PE shape pa-

rameter for most regions and seasons compared to the

other models. This result may offset the positive biases

exhibited during the winter and fall seasons in simulating

extreme precipitation events. The largest negative biases
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FIG. 4. Estimated GEV model parameters for PE for both RCMs, reanalyses, and MSWEP-ERA for DJF. Red points in the KS test

column denote locations of grid boxes failing the KS test.

2078 JOURNAL OF HYDROMETEOROLOGY VOLUME 20

Brought to you by UNIVERSITY OF VICTORIA | Unauthenticated | Downloaded 03/05/25 05:55 PM UTC



for CRCM5 are seen in the Desert region during the

spring and fall seasons, the PacificSW region during the

winter and the MtWest region during the summer. For

CanRCM4, the largest biases in PE shape parameter

estimates compared to the other models are in the op-

posite direction, with overestimations in the Desert re-

gion during the spring and in the MtWest region during

the summer.

FIG. 5. Taylor diagrams showing the spatial standard deviation (black arcs), the spatial root-mean-square differences (green arcs), and

the spatial correlation (blue arcs) of the three GEV parameter estimates of PE relative to the MSWEP-ERA (point A) parameter

estimates for CanRCM4 (point B), CRCM5 (point C), ERA-Interim (point D), NARR (point E), and CFSR (point F) for each season:

winter (DJF), spring (MAM), summer (JJA), and autumn (SON).
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c. Extreme dependence results

We next consider the Gumbel copulas for each grid

box using the procedure described in section 2. The joint

occurrence of extreme events can be measured by the

so-called upper tail dependence (UTD) coefficient lU.

For a bivariate extremes copula, this coefficient can be

obtained from the Pickands dependence function as

(Salvadori et al. 2007):

l
U
5 22 2A(1/2) . (4)

The UTD coefficient varies between 0 (in the case of

independence) and 1 (in the case of total dependence).

Maps that display the coefficient values obtained from

the fitted Gumbel copulas are presented in Fig. 8 for

each season. Although the UTD coefficient does not

exhibit a strong spatial pattern, the two RCMs seem to

be in a good agreement with the three reanalyses and

MSWEP-ERA. Generally UTD values are very low,

suggesting that the total dependence assumption for PE

and PW extremes is likely not valid. The mean UTD

values over North America vary between 0.08 in

CRCM5 during the winter and 0.15 in ERA-Interim

during the summer.

d. Probable maximum precipitation results

It is desirable to quantify how these results could af-

fect PMP estimates from CanRCM4 and CRCM5. Since

the RCMs and reanalyses all exhibit similar precipitable

water extreme values, the dissimilarity between them

will bemainly related to their ability to simulate extreme

precipitation efficiency. Hence, 1000 values were sam-

pled from the estimated PMP distribution for each grid

box for each of the RCMs and reanalysis products using

the algorithm proposed in section 2. The main advantage

of the probabilistic approach is that it allows evaluation of

the uncertainty inherent in PMP estimates. Indeed, these

samples once obtained, can then be used to estimate the

properties of the PMP distribution (e.g., mean, mode,

median, and quantiles). Figure 9 showsmaps of the range

FIG. 6. PDF plots of the regional precipitation efficiency GEV distribution for both RCMs, reanalyses, and MSWEP-ERA during DJF.
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of plausible PMP values corresponding to the 10th, 50th,

and 90th percentiles. Similar maps for 24-h PMP esti-

mates are also shown in the supplemental material (see

Fig. S14). As expected, PMP estimates based onm5 100

years have large uncertainties as indicated by the 80%

confidence intervals that are bounded by the 10th and

90th percentiles. The spatial patterns seen in the maps

of the three PMP percentiles are reasonably consistent

across RCMs and reanalysis products on the continental

scale and the largest PMP values are found on the

southeast of the continent. As we can see fromFig. 9, the

differences in PMP magnitudes between the reanalysis

products seems to be as large as those between RCMs.

MSWEP-ERA seems to be close to the reanalysis con-

sensus, thus suggesting that we may have a bit more

confidence in this hybrid dataset than the reanalyses.

The high correlation coefficients shown in the Taylor

diagrams (Taylor 2001) for the 10th, 50th, and 90th

PMP percentiles confirm the finding that spatial pat-

terns are very similar (see Fig. 10).

For comparison purposes, Fig. 9 (as well Fig. S14 for

24-h PMP estimates) also shows PMP estimates for 12

selected basins in the United States that were obtained

from the NOAAHydrometeorological Reports (HMRs)

and are based on the moisture maximization approach

(Schreiner and Riedel 1978). Table 2 shows 6-h and daily

FIG. 7. Boxplots of estimated shape parameter for PE for each season and each Bukovsky

region for both RCMs, reanalyses, and MSWEP-ERA.
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FIG. 8. Estimated UTD coefficient for PE for both RCMs, reanalyses, and MSWEP-ERA for each season.
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FIG. 9. Estimated 6-h PMP percentiles using the bivariate GEV model for both RCMs, re-

analyses, andMSWEP-ERAover North America. Circles denote HMR estimates presented in

Table 3.
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PMP values for each basin together with some basin

characteristics, including geographical location, area,

the reference number of the HMR document from

which the PMP valueswere abstracted, and theBukovsky

region that corresponds to each basin. Our selection of

basins was mainly based on area so that it is somewhat

comparable with the spatial resolution of the RCMs.

Note that climate-model-based PMP estimates andHMR

estimates are calculated differently. Indeed, HMR esti-

mates are obtained from historical observations for a

different period, use dewpoint temperature and assume

pseudoadiabatic conditions. In addition, HMR estimates

involve professional judgements and several steps that

are specific to the target basin. Nevertheless, evaluating

the consistency of climate-model-based PMP estimates

with traditional values that have been used in the infra-

structure design is somewhat helpful in understanding

climate-model-based PMP estimates and whether they

can be used operationally by practitioners. To our best

knowledge, only a few studies have dealt with this issue

(e.g., Chen et al. 2017; Rastogi et al. 2017). As we can see

from Fig. 9 (and Fig. S14), despite the high variation in

HMR 6-h (and 24-h) PMP estimates, all six models

acceptably reproduce the spatial pattern and the high

heterogeneity of the PMPmagnitudes. In general, single-

value HMR PMP estimates lie well within the range of

the PMP distribution obtained from the climate models.

Nevertheless, for both 6- and 24-h PMP estimates, a

strong negative bias were identified for both regional

and reanalysis models in the South and East region. In

particular, HMR estimates are shown to exceed the 90th

PMP estimated for NARR, ERA-Interim, and CRCM5

in the South and East regions. One reasonable expla-

nation of this bias is the relatively coarse spatial reso-

lution of the used climate models. Indeed, given their

50-km spatial resolution, the regional climate models

used in our analysis are not expected to skillfully sim-

ulate all phenomena that, in nature, are responsible for

extreme precipitation at finer scales. One reason is that

precipitation is influenced by vertical motions and mi-

crophysical process occurring at scales smaller than the

model grid (Wehner et al. 2010). Furthermore, pre-

cipitation is often influenced by orography, which is

smoothed by the finite grid sizes used in climate models.

FIG. 10. Taylor diagrams showing the spatial standard deviation (black arcs), the spatial root-mean-square differences (green arcs), and

the spatial correlation (blue arcs) of PMP percentiles relative to the corresponding MSWEP-ERA (point A) PMP percentiles for

CanRCM4 (point B), CRCM5 (point C), ERA-Interim (point D), NARR (point E), and CFSR (point F).

TABLE 2. HMR estimates for the 12 selected basins.

Basin Latitude (8N) Longitude (8W) Bukovsky region Area (km2) HMRdocument 6-h PMP (mm) 24-h PMP (mm)

Anderson Ranch 43.35 115.44 MtWest 2548 57 124.96 264.41

Thief Valley 45.01 117.78 MtWest 2366 57 105.15 231.39

Ririe 43.58 111.74 MtWest 2072 57 85.09 192.53

Leon River 31.1 97.47 South 2600 52 411.48 538.48

Knoxville Airport 35.81 83.99 East 2600 56 340.36 520.70

Auburne drainage 47.33 122.28 MtWest 2529 59 175.26 434.84

Clear Lake 48.55 122.22 PacificNW 1911 59 83.05 171.95

New Melones 38.15 120.52 MtWest 2350 59 139.7 360.93

Tuitchell 34.99 120.33 PacificSW 2951 59 119.3 278.63

Ouachita River 33.92 92.46 South 2600 52 414.02 642.62

Red Lake River 47.77 96.61 Central 2080 48 195.58 294.64

Friant 37.18 119.69 MtWest 4134 59 134.11 355.09
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Very finescale models such as Weather Research and

Forecasting (WRF) simulations at convection permitting

scales may allow PMP estimation across a wider range of

scales, perhaps even allowing exploratory ‘‘site-specific’’

PMP estimates. For instance, Rastogi et al. (2017) con-

ducted WRF simulations to derive site-specific PMP

estimates at 3-km horizontal resolution that were sub-

sequently used by Gangrade et al. (2018) for PMF

studies using the Distributed Hydrology Soil Vege-

tation Model (DHSVM) at a fine 90-m horizontal

resolution.

Despite, their lower resolution, regional climatemodels

using conventional parameterizations of convection re-

main very useful for studying ‘‘generalized PMP esti-

mates’’ (e.g., Schreiner and Riedel 1978) over larger

regions. As described in Schreiner and Riedel (1978),

at site HMR PMP estimates that have been used in the

infrastructure design stage are obtained after estimating

generalized PMP estimates at larger scales and then re-

moving generalization on a case by case basis. The map-

ping from generalized PMP estimates to site-specific

estimates is conducted through one or more adjust-

ment factors that are functions of the formative

components of the physical processes involved at the

specific designated region together with their spatial

extents and more detailed information about the

orography. Those adjustment factors are already

available for HMR sites and are derived from ob-

servations not from climate models. Therefore, fu-

ture generalized PMP estimates can be obtained from

future climate simulations, while future site-specific

PMP estimates can be derived by removing the gen-

eralization, in a downscaling perspective, using the

already available adjustment factors. In addition re-

gional climate models are also useful for providing

generalized guidance on a continental scale. Our choice

to use a 33 3 grid box (approximately 150km3 150 km)

moving window and the parameter m 5 100 within our

simplifiedmoisture maximization approach is motivated

by the desire to provide general guidelines over North

America.

Table 3 shows the relative bias (RBIAS) in percent

of the mean value of simulated PMP values, using

MSWEP-ERA as a reference. CRCM5 has a tendency

to underestimate the mean PMP value, except in the

MtWest and NorthernNA regions. This negative bias

is particularly important in the South (241%), Great-

Lakes (229%), and East (227%) regions. On the other

hand the three largest biases of CanRCM4 are the

overestimation by 74% in MtWest and 41% in Cen-

tral, and the underestimation by 30% respectively in

the PacificNW and PacificSW regions. On the conti-

nental scale over North America, CRCM5 has a

tendency to modestly underestimate PMP by ;5%

while CanRCM4 has a tendency for overestimation

by ;22%. Generally CRCM5 shows good agreement

with ERA-Interim, while CanRCM4 is more compa-

rable to CFSR.

Finally, GEV parameters were averaged on a regional

basis. Based on the averaged parameters, 1000 random

regional PMP values were simulated from these region-

ally averaged bivariate GEV parameters to estimate

the regional PMP probability density function (PDF).

As shown in Fig. 11, the regional PMP distributions are

positively skewed for all models. CRCM5 corresponds

well with ERA-Interim in reproducing the PDF form

of the regional PMP, in most regions, except for the

Central, South, and GreatLakes regions. CanRCM4,

however, is more comparable to CFSR. In most re-

gions, except in the two Pacific regions (PacificNW and

PacificSW), the CanRCM4 and CFSR PDFs are wider

and have heavier upper tails than the CRCM5, ERA-

Interim, and NARR PDFs. This implies additional un-

certainty where high PMP values are more likely, as

shown in Fig. 9 where the 80% confidence intervals are

presented.

We recognize the PMP concept emerged long before

multivariate extreme value theories were developed.

The approaches that are used by practitioners, which are

often embedded in standards, have treated PMP esti-

mation as a deterministic problem, as is recognized, for

example, by Rastogi et al. (2017). Casting the problem

in a stochastic framework allows us to take advantage

of recent development in multivariate extreme value

analysis and provides a means for dealing the es-

timation and interpretation of PMP in a warming cli-

mate. Nevertheless, the literature suggests that it is

best to stay as close as possible to the traditional method

used by standards setting organizations when using a

TABLE 3. Relative bias (RBIAS) of CanRCM4/CRCM5 com-

pared reanalysis products in simulating the PMP mean value for

each region and over all North America (AllNA) in percent (%).

Model

Region CanRCM4 CRCM5

ERA-

Interim NARR CFSR

Central 41 25 20 22 23

Desert 4 220 0 3 33

East 29 227 225 238 227

MtWest 74 8 23 40 19

NorthernNA 28 17 9 20 10

PacificNW 230 210 212 23 211

PacificSW 230 23 26 25 22

South 220 241 218 245 0

GreatLakes 25 229 214 227 212

AllNA 22 25 22 4 9
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climate model to derive PMP estimates (Clavet-Gaumont

et al. 2017). Maintaining greater consistency with the

traditional practice will require us to restrict the multi-

variate probabilistic analysis to high efficiency values

that also have high absolute values of rainfall accumu-

lation. Accounting for seasonality as we have done is a

step in this direction. We will be pursuing this further

in a subsequent paper, as discussed previously (Ben

Alaya et al. 2018).

While this paper has focused on all-season PMP

estimates (meaning the highest value over all seasons),

we recognize that it may be necessary to determine

the seasonal variations of PMP. For example, in re-

gions where contributions to large river flows may be

the result of simultaneous occurrences of snowmelt

and rainfall, a key concern would be to obtain PMP

estimates that are appropriate to the melting season.

While this is not shown in the current analysis,

Fig. S15 demonstrates the high consistency between

all six models used in our analysis in simulating the

occurrence probability of all season PMP events for

each season.

4. Conclusions

Updating PMP estimates to consider future climate

conditions is a growing concern due to the need to assess

infrastructures safety in the context of a warming cli-

mate. RCM simulations represent a potentially useful

way to derive PMP estimates corresponding to future

climate conditions. However, before RCMs can be used

for this purpose, their ability to provide PMP estimates

for the present climate must be assessed. Even if the

current knowledge of storm mechanisms remains in-

sufficient to properly evaluate the limiting values of

extreme precipitation, PMP estimation methods still

view the problem from a deterministic perspective,

and thus give only single values without uncertainty

estimates. In this study we have compared PMP esti-

mates over North America based on historical climate

FIG. 11. PDF plots of the regional PMP distribution for both RCMs, reanalyses, and MSWEP-ERA.
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simulations with two Canadian regional climate models

(CanRCM4 and CRCM5) and three reanalyses: ERA-

Interim, NARR, and CFSR. A hybrid dataset combining

precipitation from MSWEP and PW from ERA-Interim

was also considered. PMP estimates from all datasets

were developed using a probabilistic extension of the

usual moisture maximization method that was recently

proposed by BenAlaya et al. (2018). The latter uses the

Gumbel copula to combine two GEV models that are

separately fitted to the seasonal maxima of PE and PW

and thus attempts to take advantage of bivariate ex-

treme value analysis to explore uncertainty and to pro-

vide ranges of PMP values that reflect the resampling

uncertainty due to the data used in PMP estimation.

In a first step of the assessment, the two RCMs were

compared to the three sets of reanalysis based on their

ability to reproduce the three components of the bi-

variate GEV distribution. Main results show that the

two RCMs are able to reproduce the spatial pattern of

each component reasonably well. The PW extremes and

the dependence structure of extreme PW and PE are

well simulated by both RCMs. The strength of the de-

pendence, which is measured by the upper tail depen-

dence function between the extremes of PE and PW is

low and demonstrates that the assumption of the total

dependence between PE and PW extremes that is made

in the usual operational PMP estimation approach may

not be valid. The biases that are present in PMP esti-

mated by bothRCMs aremainly related to their abilities

to simulate extreme precipitation efficiency. A main

result is that the spatial pattern of the PMP derived from

the two RCMs is in a good agreement with reanalyses

products and MSWEP-ERA. On the other hand, both

RCMs have PMP magnitude biases, with regional and

model differences in the sign of the bias. The larg-

est biases are the underestimation by CRCM5 in the

South and Great Lakes regions and by CanRCM4 in

the Pacific Northwest and Pacific Southwest regions,

and the overestimation by CanRCM4 in the Mountain

West region.

While the comparison with reanalysis products and

MSWEP-ERA is far from perfect given that precipita-

tion is only weakly constrained by observations in

reanalyses, the main results suggest that the RCMs

perform well enough to allow users to have some

confidence in projected changes in generalized PMP

estimates that can be obtained via our probabilistic

approach. Further, the approach that we have dem-

onstrated allows the assessment of differences be-

tween models, or when considering the future, between

projections, that accounts for the large sampling un-

certainty that is inherent in PMP estimates. In contrast

to traditional, operational approaches, the method that

is described in Ben Alaya et al. (2018) and is applied

here, allows quantification of the large uncertainties

associated with sampling errors, which is a necessary

prerequisite for the interpretation of differences be-

tween projections from different models and under

different emissions scenarios.
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