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Extreme precipitation (EP) is one of the most impactful natural hazards

• Primary input of floods and flash floods —> In U.S.A., 
$137 billion damages and 2640 fatalities from 1990 to 
2019 (Smith, 2020) 

• Impact on public health by degrading water quality 
(Gershunov et al., 2018) and increasing outbreaks of 
waterborne diseases (Cann et al., 2013) 

• Reduced crop production (Li et al., 2019)

Characterizing EP frequency is key to mitigate these impacts 
and design infrastructure

University of Florida

Arizona Republic

https://nwdistrict.ifas.ufl.edu/phag/2013/07/12/excessive-rain-creates-many-problems-for-growers/
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Theoretical arguments suggest that EP frequency and magnitude will change 
in a future climate

mesoscale model, and for a selection of 10 different convective event case studies, Attema et al. [2014] found
changes in hourly precipitation extremes of 10–13% per degree on average. However, considerable differences
between the case studies were found with much smaller dependencies in a small number of cases, thus
suggesting a possible physical limitation on increases to the intensity of extreme rainfall events.

Up until this point, we have given a simpli!ed description of how convective rainfall could respond to
warming. In reality, mesoscale convective processes are very complex with different structures of
organization [Houze, 2004]. The work by Attema et al. [2014] suggests that the response could depend on the
meteorological environment, and therefore on the type of convection as the different cases appear to
respond differently. Also, storm movement of fast-moving linear systems could be affected with storms
moving faster in a warmer climate [Singleton and Toumi, 2013].

Cloud-resolving simulations of tropical convective clouds generally do not show enhanced scaling of rainfall
extremes with temperature [Muller et al., 2011; Romps, 2011; Muller, 2013]. However, the experimental setup
of these tropical studies is different from those used for the temperate regions discussed above. In the
tropical convective cloud experiments, the model is allowed to run freely to an equilibrium state determined
by radiative-convective equilibrium. This results in perturbations closer to a moist adiabat (derived from the
difference between two moist adiabats), with enhanced warming at levels higher than at the surface. For a
moist adiabatic perturbation, cloud feedbacks do not operate, and higher temperatures do not lead to
stronger updraft velocities [Loriaux et al., 2013].

Synthesizing these results, a conceptual overview of cloud feedbacks in relation to moisture availability is
developed (Figure 4), which could serve as a basis for further research on how convective rainfall could behave
in the context of global warming.We note that we do not attempt to represent all the complexities of mesoscale
convection, but we merely focus on simple budget arguments that are expected to be valid in case of warming.
In the reference situation (Figure 4, left), moist air enters the cloud through the cloud base and laterally. The
cloud accesses moisture from a limited area, depicted schematically in blue. Three possible situations under
warmer future conditions are given, all assuming constant relative humidity. In the !rst situation (Figure 4a),
representing the classical CC scaling hypothesis, more moisture enters the cloud due to the higher
concentration of moisture per unit of air, whereas the atmospheric motions remain the same. This will limit
the total amount of rain from the cloud in its life cycle to an increase of 7% per degree. The intensity (rainfall
amount per unit time) will increase at the same rate as it scales with the netmoisture convergence and therefore
with the increase in moisture content per unit of air. This implies no change to the life cycle of the clouds.

Figure 4. Conceptual overview of cloud feedbacks in relation tomoisture availability, depicting (left) the reference situation and three possible future situations: (a) with
the same cloud dynamics and warmer and moister air entering the cloud from the same source area, (b) with stronger cloud dynamics, and warmer and moister air
entering the cloud from the same source area, and (c) with warmer and moister air entering the cloud from a greater source area due to enhanced cloud dynamics.
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Conceptual diagram from Westra et al. (2014)

Clausius-Clapeyron (CC) scaling = 7% ºC-1

Lenderink et al. (2017) 

1-hr EP in the Netherlands

as a function of precipitation intensity for a fixed dew-
point temperature (vertical arrow in Fig. 5) and 2) in-
vestigate for a given precipitation intensity (relative to
its dewpoint) the atmospheric conditions as a function of
dewpoint temperature (diagonal arrow following ap-
proximately a 2CC dependency in Fig. 5).
We first illustrate themain dependencies, covering the

intensity range in section 4a and humidity range in sec-
tion 4b. Relatively large samples of events are chosen
here to allow the calculation of statistically robust re-
sults. Further, we perform a more comprehensive anal-
ysis by combining humidity and intensity dependencies
in section 4c.
The selection of events is based on the division of the

data into 15 dewpoint temperature bins (right-hand panel
of Fig. 4) and the intensity classification (see also Table 1).
In the first part of the analysis, to cover a sufficiently large
dewpoint rangewith a limited number of plots we grouped
together a number of dewpoint temperature bins into
humidity or dewpoint classes. We classify the data into
classes with approximately 28C width, ranging from very
low (XL; dewpoint around 108C) to very high (XH; dew-
point above 178C) values (see Table 1).We also sampled a
high humidity range HR by taking bins 11 to 15 together,
covering dewpoints of 148C and above. Note that the in-
tensity classification of an event is always relative to its
dewpoint temperature bin as shown in Fig. 4b.

a. Differences conditional on intensity for high
dewpoints

We first investigate systematic differences in atmo-
spheric conditions between events with extreme peak in-
tensities and events with lower peak intensities (vertical

arrow in Fig. 5). For convenience we omit the reference to
peak intensity in the text hereafter, and just call the event
‘‘extreme’’ or ‘‘moderate’’ and refer to the ‘‘intensity of
the event.’’ Atmospheric profiles are shown as a function
of time relative to the occurrence of the peak intensity of
the event, ranging from 212h (before) to 112h (after).
We show only the results based on a selection of all

events with dewpoint above 148C (the behavior of
the events in bins 11 to 15 in Fig. 4b, labeled range RH
in Table 1). Choosing a large range of dewpoint

FIG. 4. Scaling of hourly event peak intensities with dewpoint for different intensity classes (see text for details),
based on (left) 30 bins and (right) 15 bins, with bin number indicated. The gray dots show the peak intensities in the
highest intensity class (extreme). Dashed red lines show dependencies of 14% 8C21 (;2CC rate).

FIG. 5. Idealized diagram of the analysis methodology.
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Motivation

Observed increases in global temperature would  
suggest intensification of observed EP

FIG. 5. As in Fig. 3 (annual trend), but for each of the nine NCEI regions as well as a national aggregation (shown in
the lower left of each panel) for (a) 1949–2016 and (b) 1979–2016.
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• Increasing frequency of EP 
in the Midwest and north 
east 

• Constant or decreasing 
trends in the west 

• Link with trends in 
precipitable water

6



Motivation

GCMs project increases in EP, but uncertainties at local scales are still high, even 
when using statistical or dynamical downscaling 
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Geophysical Research Letters 10.1029/2019GL086797

Figure 1. Future (2044–2099) extreme rainfall volumes are increasing in all data sets with larger increases for large ARI events and under RCP 8.5 compared to
the past (1951–2005). Multimember mean extreme rainfall signal averaged across the United States for different ARIs (a), spatial distribution of the 25-year
event change factors under RCP 4.5 (b), and RCP 8.5 (c). Each data set member was weighted equally in the multimember mean computation.

LOPEZ-CANTU ET AL. 6 of 11

Lopez-Cantu et al. (2020) 

Change factorARI =
PFUT,ARI

PHIST,ARI
ARI = 25 years

Geophysical Research Letters 10.1029/2019GL086797

Figure 1. Future (2044–2099) extreme rainfall volumes are increasing in all data sets with larger increases for large ARI events and under RCP 8.5 compared to
the past (1951–2005). Multimember mean extreme rainfall signal averaged across the United States for different ARIs (a), spatial distribution of the 25-year
event change factors under RCP 4.5 (b), and RCP 8.5 (c). Each data set member was weighted equally in the multimember mean computation.

LOPEZ-CANTU ET AL. 6 of 11

The direct use of P outputs from GCMs is challenging. 
How can we more effectively use information from GCMs to characterize EP? 
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Utility of General Circulation Models (GCMs)

9Zhang and Villarini (2019; 2020) 

GCMs have been shown able to adequately reproduce occurrence of weather types 
(WTs) or dominant large-scale meteorological patterns controlling weather4220 W.!Zhang, G.!Villarini 

1 3

the moisture transport to the Midwest for WT2 is sup-
pressed compared with to WT1 (Fig.!1, panels b and g). 
WT3 features a high pressure system over the continen-
tal United States with the exception of the northwestern 
United States (Fig.!1c), similar to the La-Niña forced 
responses (Straus and Shukla 2002). In addition, WT3 
enhances moisture transported to the southeastern United 
States (Figs.!1, panels c and h). However, the polar jet 
stream is located more poleward compared to WT1, indi-
cating that less cold air mass can move equatorward to 
the western United States, critical for the development of 
frontal systems (Fig.!1h). WT4 features a high pressure 

system over Florida, favorable for moisture transport to 
the southeastern United States, together with the polar 
jet stream located north of the southeastern United States 
(Fig.!1d), leading to favorable conditions for precipitation 
in the southeastern United States. WT4 is similar to the 
‘" block’ weather type (Robertson and Ghil 1999) which 
focused on the Pacific Coast. WT5 features a wave train 
moving from the Pacific Northwest to the North Atlantic, 
with a ridge elongated in upper-level geopotential heights 
(Fig.!1e), likely caused by enhanced warming in Arctic 
known as the Arctic Amplification (Francis et!al. 2018; 
Francis and Vavrus 2012; Overland et! al. 2015). The 

Fig. 1  Left panel: maps with 
the five weather types/regimes 
(WT1-5) derived from the 
500-hPa geopotential height 
(unit: gpm) and k-means cluster 
analysis. Right panels: moisture 
flux (vector) and 200-hPa geo-
potential height (shading, unit: 
gpm) for the five weather types. 
The numbers of days assigned 
to WT1-5 are 5503, 5836, 5782, 
4115, and 4613 respectively

4221On the!weather types that!shape the!precipitation patterns across!the!U.S. Midwest  

1 3

composite 200-hPa geopotential height for WT5 is higher 
than for the other weather types, while the moisture flux 
transport transported to the Midwest is weaker compared 
with WT1 and WT3 (Fig.!1j).

The identified weather types are associated with dis-
tinct precipitation patterns across the Midwest (Fig.!2; left 
panels). The composite rainfall is calculated by averaging 
the rainfall rate over the days associated with each weather 
type (e.g., WT1) on a grid basis. Meanwhile, the fractional 

contribution of precipitation for each weather type is com-
puted by dividing the total rainfall in each weather type by 
that of all the weather types. WT1 is tied to very large pre-
cipitation over the study region (Fig.!2a), consistent with the 
moisture transport and low-level jet stream, and the polar 
cold air intrusion caused by the wavy polar jet stream in the 
western United States (Fig.!1, panels a and f). Because of its 
remarkable impacts on precipitation, we refer to WT1 as the 
‘Midwest Water Hose.’ As expected, WT2 results in much 

Fig. 2  Left panels: composite 
precipitation rate (unit: mm) 
across the Midwest for each 
weather type (WT1-5). Right 
panels: fractional contribution 
of precipitation by each weather 
type to the total precipitation

WTs from NCEP-NCAR reanalysis

For Review Only
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Nonstationary frequency analysis of EP based on WTs

Mixed model of peak-over-threshold (POT) distributions with time-varying frequency

10

F(x) =
M

∑
j=1

pj ⋅ Fj(x | θj)

M : number of generating mechanisms (or WTs)

pj =
nj

∑M
k=1 nk

nj ∼ Poisson(λj(t))
50

100

150

1950 1980 2010

WT3

λ j(
t)

t

λj(t) = exp(a + bt)

θj = [α0,j, ξj, ζ0,j] : parameters of generalized Pareto distribution (GPD) 
reparameterized for u = 0 (Deidda, 2010) - Constant in time

WT1
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Application in East North Central U.S.

We computed the 5 WTs of Zhang and Villarini (2019) from 1949-2015
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• K-means cluster analysis on 500 hPa 
Geopotential height from NCEP-NCAR 

• GHNC daily P records  
• EP = POT series above 95th quantile 
• 1st and 2nd dominant WT in EP30
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Application in East North Central U.S.
We applied the mixed model to 3 populations
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GCMs from CMIP6Poisson regression λj(t) = exp(a + bt)

a b

1: WT1 -4.9 0.0047

2: WT3 24.5 -0.01

• statistically significant at 0.01 level 
• t = 1949, …, 2015

F(x) =
3

∑
j=1

pj ⋅ Fj(x | θj)

pj =
nj

∑3
k=1 nk

nj ∼ Poisson(λj(t))

Daily P (mm)

1-
F(

P)
 (-

)

Gage ID USC00215638

0 50 100 150

10 -5

10 -3

10 -1

WT1

WT3Others

α0, j ξ j
ζ0, j  

= Pr{P > 0}

1: WT1 8.55 0.20 0.26

2: WT3 11.07 0.12 0.11

3: Others 11.78 0.03 0.08

Fj(x | θj)



Application in East North Central U.S.
Statistical simulations to compute return levels

1. For each year, t = 1949, …, 2015

n1 ∼ Poisson(λ1(t))
n2 ∼ Poisson(λ2(t))
n3 = 365 − n1 − n2

2. Randomly draw n1, n2 and n3 variates from respective GPDs 
(these include zero P)

5. Compute return levels, EPT, from empirical distribution of annual P maxima, 
along with associated sampling uncertainty

14

WT1—>

WT3—>

Others—>

3. Repeat for 1-2 all years —> time series of annual P 
maxima from 1949 to 2015

4. Repeat 1–3 for 10,000 times —>
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Comparison with models based on annual maxima
We compared return levels of mixed model and Generalized Extreme Value (GEV) 
distribution
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Application of the mixed model in future climate
We applied the mixed model with ScenarioMIP simulations of EC-Earth3 for SSP8-8.5
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1. We quantified temporal changes in WTs’ occurrences and applied the mixed model

• We have applied the mixed model with 
EC-Earth3-derived: 

  

• Constant GPD parameters 
• We have tested other two GCMs with 

similar results

λj(t) = exp(a + bt)



Application of the mixed model in future climate
We applied the mixed model with ScenarioMIP simulations of EC-Earth3 for SSP8-8.5
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2. We computed metrics accounting for nonstationary frequencies of EP

EWT = 1 +
xmax

∑
x=1

x

∏
t=1

(1 − pt)

• We assumed an infrastructure is built in 2022 with a design life m = 50 years  —> T2022, EPT2022 
• We calculated expected waiting time (EWT) and risk of failure —> nonstationary geometric distribution

time varying exceedance 
probability of EPT2022 from 

the mixed model

Salas et al. (2018) 
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Conclusions and future work

• We have developed a nonstationary statistical model of EP based on mixed 
populations: 

✴Populations identified by WTs, whose occurrence varies with time and is 
adequately simulated by GCMs 

✴GPD with constant parameters modeling P in each population 
• Statistical simulations are needed to apply the model. Performances and 

uncertainty are similar to current approaches based on annual maxima and the 
GEV distribution 

• Preliminary model applications with future climate projections of CMIP6 GCMs 
suggest increasing intensity of EP in East North Central U.S. 

• Future work: thoroughly test the approach in other regions and include a large 
ensemble of GCMs to characterize the uncertainty of future climate projections. 
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Conclusions and future work

Thanks! 
For questions: gmascaro@asu.edu
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