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Conversion Factors

U.S. customary units to International System of Units

Multiply By To obtain
Length
inch (in.) 2.54 centimeter (cm)
inch (in.) 254 millimeter (mm)
mile (mi) 1.609 kilometer (km)
Area
acre 0.004047  square kilometer (km2)
square mile (mi2) 2.590 square kilometer (km2)
Flow rate
inch per month (in/mo) 254 millimeter per month (mm/mo)

International System of Units to U.S. customary units

Multiply By To obtain
Length
millimeter (mm) 0.03937 inch (in.)
centimeter (cm) 0.3937 inch (in.)
kilometer (km) 0.6214 mile (mi)
Area
square kilometer (km2) 247.1 acre
square kilometer (km2) 0.3861 square mile (mi2)
Flow rate
millimeter per month (mm/mo) 0.03937 inch per month (in/mo)

Temperature in degrees Celsius (°C) may be converted to degrees Fahrenheit (°F) as follows:

°F=(1.8x°C) + 32.

Temperature in degrees Fahrenheit (°F) may be converted to degrees Celsius (°C) as follows:

°C=(°F-32)/18.

Datum

Horizontal coordinate information is referenced to the World Geodetic System 1984

(WGS84) datum.

Supplemental Information

Precipitation depth totals are given in inches (in.), and precipitation intensities are given in

inches per day (in/d).
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Development of Projected Depth-Duration-Frequency
Curves for Precipitation in Florida, 2020-59 and 205089

By Michelle M. Irizarry-Ortiz

Abstract

The planning, permitting, and design of stormwater-
management projects require estimates of the depths of
extreme precipitation for current and future events with
specified durations and return periods. In this project,
precipitation data from six downscaled climate datasets were
used to determine changes in precipitation depth-duration-
frequency curves from the period 1966—2005 to the periods
2020-59 and 2050-89. The downscaled climate datasets are
from the Coupled Model Intercomparison Project Phases 5
and 6 and include (1) Coordinated Regional Downscaling
Experiment (CORDEX), (2) Localized Constructed Analogs
(LOCA), (3) Multivariate Adaptive Constructed Analogs
(MACA), (4) Jupiter Intelligence Weather Research and
Forecasting model (JupiterWRF), (5) LOCA version 2
(LOCAZ2), and (6) National Aeronautics and Space
Administration Earth Exchange Global Daily Downscaled
Projections (NEX-GDDP). Change factors—multiplicative
changes in expected extreme precipitation magnitude from
a historical to future period—were computed for grid cells
containing National Oceanic and Atmospheric Administration
Atlas 14 stations in Florida. Change factors for specific
durations and return periods were developed to scale the
National Oceanic and Atmospheric Administration Atlas
14 historical depth-duration-frequency values to the periods
2020-59 and 2050-89 on the basis of changes in extreme
precipitation derived from six downscaled climate datasets.

Overall, a large variation in change factors across
downscaled climate datasets was found, with change factors
generally being greater than 1 and increasing with return
period. In general, median change factors were found to range
within 1.01-1.58 for 2020-59 and 1.01-1.63 for 205089,
depending on the downscaled climate dataset, region, duration,
and return period, indicating a projected overall increase
in future extreme-precipitation events. When data from all
datasets are considered together, median change factors range
within 1.04-1.18 for the period 2020-59 and within 1.04-1.23
for the period 2050-89, depending on the region, duration, and
return period. Spatial patterns in median change factors were
found to vary by dataset.

Introduction

The planning, permitting, and design of stormwater-
management projects require estimates of current and future
precipitation amounts, expressed as depths, for specified
return periods and durations. Water management districts
across the State of Florida have published permitting manuals
(for example, South Florida Water Management District
[SFWMD], 2016; St. Johns River Water Management District,
2018), which contain specific descriptions of precipitation-
depth estimates for various return periods and durations.
Precipitation-depth estimates are used to quantify extreme
events, such as an event that has a 1-percent chance of being
equaled or exceeded in a given year, alternatively referred to
as a “100-year return period.” Precipitation events are also
defined by the time period over which the event is measured,
such as the total precipitation accrued over a 1-, or 3-, or 7-day
window of time, alternatively referred to as the “duration” of
the event. One- and multi-day design storms (storms used in
infrastructure design) of various return periods are published
in State permitting manuals or in Federal documents such
as the National Oceanic and Atmospheric Administration
(NOAA) Atlas 14, volume 9, which covers the southeastern
United States, including Florida (Perica and others, 2013).
This publication and the stations used in the analysis are
herein referred to as “NOAA Atlas 14.” These design storms
have traditionally been derived by applying statistical methods
to historical weather-station data that may or may not reflect
extreme events occurring in more recent decades.

Flood vulnerability is affected by changes in
precipitation, both extremes and duration of events that
affect antecedent conditions, and the resulting changes to the
hydrologic cycle. Other factors affecting flood vulnerability
include changes in sea level, land use and land cover, and
the presence and management of flood control infrastructure
(Cardona and others, 2012; Seneviratne and others, 2012;
Decker and others, 2019; Barnard and others, 2024).

Florida Senate Bill 1954 (2021) (Florida Senate, 2021)
titled “Statewide Flooding and Sea Level Rise Resilience”
established the Florida Flood Hub for Applied Research and
Innovation at the University of South Florida College of
Marine Science and charged it with developing a statewide
flood-vulnerability assessment. In addition to sea-level rise
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scenarios, the vulnerability assessment requires information
about potential changes in future precipitation patterns.

This information may be used to drive advanced integrated
hydrologic and hydraulic models to translate future projected
changes in climate, sea level, and land development into
flood-vulnerability maps. To help address the needs of the
flood-vulnerability assessments, the U.S. Geological Survey
(USGS) and the Florida Flood Hub for Applied Research
and Innovation are cooperating on a study to develop depth-
duration-frequency (DDF) curves for precipitation that
incorporate projections of future climate change across
relevant greenhouse-gas (GHG) emission scenarios. Irizarry-
Ortiz and others (2022) report factors influencing precipitation
extremes in southern Florida, projected changes in these
extremes, and previous DDF-curve development efforts for
the State of Florida; this report expands these analyses to the
entire State of Florida. The study area is shown in figure 1.

Purpose and Scope

This report documents the development of projected
DDF curves for precipitation for the State of Florida, for the
periods 2020-59 and 2050-89. Hereinafter, precipitation
will be implied when referring to DDF curves. As part of this
study, an ensemble method was used to determine median
change factors for precipitation depths as well as intermodel
variability at locations throughout Florida. Change factors
were determined for durations of 1, 3, and 7 days, and return
periods of 5, 10, 25, 50, 100, 200, and 500 years. The 7-day
duration was included to capture potential future changes
in precipitation at the multiday timescale, such as high
precipitation caused by stalling storms. Change factors were
computed from DDF curves fit to precipitation data from
six downscaled climate datasets for two 40-year periods
representing future projected climate for the periods 2020-59
(centered on 2040) or 2050-89 (centered on 2070), and
historical (retrospective) climate for 1966—2005 for the study
area. Change factors were derived from four datasets that
downscale models from the Coupled Model Intercomparison
Project Phase 5 (CMIP5; Taylor and others, 2012):

 Coordinated Regional Downscaling Experiment
(CORDEX; Giorgi and others, 2009; Mearns and
others, 2017),

* Localized Constructed Analogs (LOCA; Pierce and
others, 2014),

* Multivariate Adaptive Constructed Analogs (MACA,
Abatzoglou and Brown, 2012), and

« Jupiter Intelligence Weather Research and Forecasting
model (JupiterWRF; Jupiter Intelligence, 2021).

Change factors were also derived from two datasets that
downscale models from the Coupled Model Intercomparison
Project Phase 6 (CMIP6; Eyring and others, 2016):

e LOCA version 2 (LOCAZ2; Pierce and others,
2023), and

 National Aeronautics and Space Administration
(NASA) Earth Exchange Global Daily Downscaled
Projections (NEX-GDDP; Thrasher and others,
2021, 2022)

The CMIP6 historical simulations end in 2014; however,
the common historical period 1966—-2005 was used as the
reference period for change factor computation for both
CMIP5 and CMIP6 downscaled climate datasets. In summary,
a total of six downscaled datasets (CORDEX, LOCA, MACA,
JupiterWRF, LOCAZ2, and NEX-GDDP) were used to compute
change factors.

Perica and others (2013) derived historical DDF curves
from historical observations at meteorological stations in
Florida, which are published in NOAA Atlas 14. The DDF
curves based on partial-duration series (PDS) from NOAA
can be multiplied by the change factors derived in this study
to determine potential future extreme precipitation depths for
events of a given duration and return period for time periods
centered on 2040 and 2070.

Terminology Used in This Report

In describing our processing and analysis, the definitions
of several terms are important to clarify. In this report, the
term “reanalysis” is used to refer to dynamical climate model
simulations that are based on observed boundary conditions
and are meant to match observed weather as precisely as
possible. General circulation models (GCMs) broadly refer
to global-scale dynamical climate models that are coupled
atmosphere-ocean general circulation models or Earth systems
models, such as used in CMIP5 and CMIP6 studies. The
term “historical observations” is used to refer to weather
observations used in statistical downscaling. The term
“historical simulations” is used to refer to GCM and associated
downscaled models that are tuned to preindustrial conditions
(around 1850 or 1750 depending on reference; see Schurer
and others, 2017, for a discussion) and possibly to more recent
historical conditions (Mauritsen and others, 2012; Hourdin and
others, 2017) but are otherwise not constrained to precisely
match daily weather conditions from 1850 to the present.

The term “future projections” refers to those by GCMs and
associated downscaled models of future climate that assume a
specific GHG emission scenario or concentration trajectory.
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Datasets Used in This Study

The datasets used in this study include precipitation
datasets based on observations and historical and future
projected precipitation data based on statistical, dynamical,
and hybrid downscaling methods applied to coarse spatial-
scale output from GCMs developed as part of the World
Climate Research Programme (https://www.wcrp-climate.org/)
CMIP5 and CMIP6. These datasets are discussed in more
detail in the following sections.

Observational Datasets

Three observational precipitation datasets were used in
this study to define a baseline for historical conditions for
comparing DDF curves fitted to precipitation output from
downscaled climate datasets for the historical period and for
evaluating the performance of climate models in reproducing
historical climate extreme indices. The observational datasets
include NOAA Atlas 14 (Perica and others, 2013), which
provides data at the location of weather stations, and datasets
that interpolate weather-station observations to grid points:
the Parameter-elevation Regressions on Independent Slopes
Model (PRISM; Daly and others, 2008, 2021) and the
SFWMD’s Precipitation “Super-grid” (SFWMD, 2005).

NOAA Atlas 14

The NOAA Atlas 14 dataset contains estimates of DDF
and intensity-duration-frequency curves for precipitation along
with associated 90-percent confidence intervals at weather
stations in the United States and its territories. NOAA Atlas
14 covers the southeastern States, including Florida (volume
9 in the series of NOAA Atlas 14 reports; Perica and others,
2013). Two types of DDF curves and their confidence intervals
are provided in NOAA Atlas 14. The first type is based on
the annual maximum series or block-maxima approach. The
second type is based on PDS and is derived by means of
Langbein’s formula (Langbein, 1949), which converts PDS-
based average recurrence intervals to an annual exceedance
probability (AEP). Selected average recurrence intervals
are first converted to AEPs using Langbein’s formula and
then precipitation-frequency estimates are calculated for
those AEPs using the same approach used in the annual
maximum series analysis. Return levels (that is, the quantiles
or precipitation depths associated with given return periods)
derived from annual maximum series and PDS are about the
same for return periods longer than 10 years.

For the southeastern United States, Perica and others
(2013) found the generalized extreme value distribution to
be the best among three-parameter distributions out of the
five examined, to model annual maxima across the range of
frequencies and durations evaluated. NOAA used the regional
frequency analysis method for generalized extreme value

fitting at each weather station based on the L-moments fitting
method implemented one duration at a time. L-moments are
a sequence of statistics that define the shape of a distribution
(such as mean, skewness, and kurtosis; Hosking, 1990).

The L-moments method is described in Irizarry-Ortiz and
others (2022).

For this study, DDF curves based on annual maximum
series and PDS along with 90-percent confidence intervals
and the associated constrained annual maximum series were
downloaded from NOAA’s Precipitation Frequency Data
Server (National Weather Service, 2020) for 242 weather
stations in Florida (fig. 1). Station information is included in
the data release associated with this report (Irizarry-Ortiz and
Haider, 2023). Sources of weather-station data for the State
of Florida used in NOAA Atlas 14 are listed in table 4.2.1
of Perica and others (2013). The period of record for these
stations extends as far back as 1840 and ends in 2012
(Irizarry-Ortiz and Haider, 2023; Perica and others, 2013,
appendix A.1).

Precipitation has traditionally been recorded at clock-
based (constrained) intervals of 15 minutes, 1 hour, or 1 day
at the 242 weather stations in Florida used in developing
NOAA Atlas 14. The recording interval is also called the “base
duration.” Data at the base duration were accumulated over
durations of interest from 5 minutes to 60 days by NOAA to
develop constrained annual maximum series for each duration.
Owing to the use of clock-based precipitation measurements,
the constrained annual maximum series underestimates
actual maxima. NOAA Atlas 14 estimated correction factors
to convert the constrained annual maximum series to
unconstrained annual maximum series values, which are used
in DDF development. The unconstrained annual maximum
series values would approximate the actual maxima for the
given duration. The correction factors applied to durations of
1-4 and 7 days are shown in table 1 (Perica and others, 2013)
and are similar to the theoretical correction factors determined
by Weiss (1964) and to empirical values determined in other
studies (Hershfield, 1961; Asquith, 1998; Overeem and
others, 2008).

Table 1. Correction factors applied to convert constrained
(clock-based) precipitation depths to unconstrained (actual
maximum) precipitation depths for various durations.

Duration (days) Correction factor’

1 1.12
2 1.04
3 1.03
4 1.02
7 1.01
>7 1.00

Perica and others (2013).


https://www.wcrp-climate.org/

PRISM

PRISM provides monthly and daily climate data based on
interpolation of weather-station data (Daly and others, 2008,
2021). The PRISM dataset has a spatial resolution of 1/24th
of a degree (approximately 4.4 kilometers [km]) and covers
the conterminous United States. PRISM uses a regression
model to estimate precipitation at a grid point on the basis of
physiographic setting. Stations included in the regression are
assigned weights based on the similarity of each station to
the corresponding grid cell; similarity is defined on the basis
of physiographic factors such as elevation, location, distance
to the coast, and topographic facet orientation, among others
(Daly and others, 2008). PRISM output of daily precipitation
for Florida was downloaded for the period 1981-2019 using
the prism R package (Hart and Bell, 2015). Out of the seven
gridded datasets evaluated by Behnke and others (2016)
(including Daymet and Livneh), PRISM best captured daily
precipitation statistics and climate extremes indices at a set
of independent meteorological stations from the Florida
Automated Weather Network (Lusher and others, 2008).

As part of this study, PRISM daily-precipitation data
were used to develop areal reduction factors (ARFs), which
convert point precipitation extremes to areal precipitation
extremes. PRISM was also used in this study to evaluate
models for culling, which is the process by which the most
reliable climate models are selected to compute change
factors. The PRISM grid is shown in figure 2A.

SFWMD's Precipitation “Super-Grid”

The SFWMD’s precipitation “Super-grid” is a gridded
dataset of daily precipitation, with a spatial resolution of
3.2 km, that covers most of the SFWMD, except the Florida
Keys (fig. 2B). The SFWMD “Super-grid” dataset was
developed using the TIN-10 method (SFWMD, 2005) to
interpolate gage precipitation data from 1914 to 2002. Gage-
corrected Next Generation Weather Radar precipitation data
are used in this dataset from 2002 to 2016 (SFWMD, 2020).
This dataset was developed by the SFWMD to provide
complete spatial coverage and sufficient length of record for
regional hydrologic modeling and trend analysis (SFWMD,
2005). In this study, the SFWMD “Super-grid” precipitation
dataset was used for model culling in addition to PRISM.

Downscaled Climate Datasets

Various efforts to downscale global climate predictions
to local and regional scales have been initiated by climate
research groups in the United States and abroad. In this
study, historical and future projections of precipitation based
on statistical, dynamical, and hybrid downscaling of GCMs
were used to develop future DDF curves for Florida. The
GCMs were developed as part of the World Climate Research
Programme’s CMIP5 and CMIP6. The CMIP5 model data are

Datasets Used in This Study 5

a concatenation of historical (retrospective) GCM simulations
covering the period 1850-2005 and future projections for the
period 2006-2100 (Lawrence Livermore National Laboratory,
2022a). The CMIP6 historical simulation period is 1950-2014,
and future projections encompass the period 2015-2100
(Lawrence Livermore National Laboratory, 2022b). Taylor and
others (2012) provide an overview of the CMIP5 experimental
design and Eyring and others (2016) for CMIP6. Notably,

the historical CMIP5 and CMIP6 model simulations are

not intended to reproduce the precise sequence of historical
climate variability. GCMs are often run starting with different
initial conditions to create an ensemble of possible trajectories
for the historical and future climates that may result because of
changes in natural variability (unforced or internal variability,
also called climate noise in Taylor and others, 2012). The use
of ensembles helps separate the climate change “signal” from
the climate noise. Often, only one ensemble member is used
for downscaling, which limits the range of events that are
downscaled. Table 2 lists the number of ensemble members
downscaled by each downscaled climate dataset by emission
scenario. The particular ensemble members downscaled for
each GCM by each of the downscaled climate datasets used

in this study are listed in the data release associated with this
report (Irizarry-Ortiz and Haider, 2023).

The CMIPS future projections are based on four different
representative concentration pathways (RCPSs) corresponding
to low (RCP2.6), medium-low (RCP4.5), medium-high
(RCP6.0), and high (RCP8.5) year 2100 total radiative forcing
values with respect to the preindustrial period (circa 1750;
Intergovernmental Panel on Climate Change [IPCC], 2013;
van Vuuren and others, 2011). The number next to the RCP
label indicates the approximate increase in total radiative
forcing at the end of the century (2100), in watts per meter
squared, caused by GHG emissions. RCP2.6 represents
a scenario of stringent climate policies to reduce GHG
emissions, and the radiative forcing increase at 2100 from
GHG emissions is 2.6 watts per meter squared. RCPs with
higher numbers are the result of higher emissions and result
in larger changes in global temperatures. RCP8.5 represents
future conditions that could result from limited or no climate
change mitigation, is a worst-case scenario (Hausfather
and Peters, 2020), and is considered low likelihood by the
IPCC (2021a); the two middle scenarios are roughly equally
spaced between the low and high scenarios (Terando and
others, 2020). Similar to the historical simulations, the
CMIP5 future projections are also not intended to simulate
the precise sequence of actual future variations in climate
and may not capture the exact timing of future shifts in
natural cycles. Terando and others (2020) recommend that,
whenever feasible, the entire range of RCP-based scenarios be
considered when assessing potential future effects; however,
the choice of scenarios is limited by their availability in
downscaled climate datasets. For CMIP5, only RCP4.5 and
RCP8.5 are available in most downscaled climate datasets.
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Table 2. Number of ensemble members downscaled by each downscaled climate dataset by

emission scenario.

[SSP, shared socioeconomic pathway; RCP, representative concentration pathway; CORDEX, Coordinated Regional
Downscaling Experiment; JupiterWRF, Jupiter Intelligence Weather Research and Forecasting model; LOCA,
Localized Constructed Analogs; LOCAZ2, Localized Constructed Analogs version 2; MACA, Multivariate Adaptive
Constructed Analogs; NEX-GDDP, National Aeronautics and Space Administration Earth Exchange Global Daily

Downscaled Projections]

Emission scenario

Dataset RCP4.5/SSP2-

RCP8.5/SSP5-

SSP1-2.6 45 SSP3-7.0 85 Total
CORDEX 0 14 54 68
JupiterWRF 0 3 4 7
LOCA 0 30 30 60
LOCA2 0 64 92 65 221
MACA 0 40 0 40 80
NEX-GDDP 32 34 28 35 129
Total 32 185 120 228 565

The CMIP6 projection scenarios are described by
Eyring and others (2016) and Riahi and others (2017) and
are based on the concept of shared socioeconomic pathways
(SSPs), which have been developed by the energy modeling
community. Updated versions of the four CMIP5 RCP
scenarios are available in CMIP6 and are called SSP1-2.6,
SSP2-4.5, SSP4-6.0, and SSP5-8.5, with each of these having
a similar change in 2100 radiative forcing levels as their
CMIP5 RCP counterparts and representing low, medium-low,
medium, and high emissions scenarios, respectively. The
first number next to the SSP label indicates different levels
of challenges to mitigation and adaptation resulting from
different potential future socioeconomic trends, as described
by Riahi and others (2017), and the number after the dash
indicates the approximate increase in total radiative forcing
at the end of the century (2100), in watts per meter squared,
caused by GHG emissions. Despite the 2100 radiative forcing
being similar between a CMIP6 SSP scenario and its CMIP5
RCP counterpart, the pathways of emissions, GHG mix, and
land uses vary over time between the RCP and corresponding
SSP scenario. Figure 1.28 of the IPCC’s sixth assessment
report (IPCC, 2021a) shows a comparison of the range of
fossil fuel and industrial carbon dioxide (CO,) emissions
across IPCC assessments that include the RCP and SSP
scenarios.

Effective radiative forcing at the end of the 21st century
is slightly higher in the CMIP6 SSP than in the equivalently
named CMIP5 RCP scenario (fig. 3 of Fredriksen and others,
2023). The IPCC (2023, p. 9) states with medium confidence
that “the overall radiative forcing tends to be higher for
the SSPs compared to the RCPs with the same level.” For
this reason, results from CMIP5 and CMIP6 may not be
directly comparable. The use of different GCMs or different
versions of GCM models in the two CMIPs also precludes
a direct comparison. CMIP6 also includes four additional

SSPs representing intermediate levels of forcing between the
four original scenarios such as the medium-to-high scenario
SSP3-7.0. The CMIP6 model data are a concatenation of
historical (retrospective) GCM simulations covering the period
1850-2014 and future projections for the period from 2015 to
at least 2100. A description of the GCMs downscaled by the
different downscaled climate datasets evaluated in this study
can be found in the data release associated with this report
(Irizarry-Ortiz and Haider, 2023).

Many GCMs are unable to simulate extremes well
because of their coarse spatial resolution and their inability
to capture subgrid-scale physics (Misra and others, 2011).
Statistical and dynamical downscaling are two methods used
to generate high-resolution (about 50-km grid spacing or less)
climate projections based on coarse-resolution fields simulated
by GCMs. In statistical downscaling, coarse-resolution fields
(typically about 100-km grid spacing or greater) simulated by
GCMs are used as predictors of high-resolution meteorological
variables (Wilby and Wigley, 1997; Wilby and others, 1998).
Historical observations are used to train and bias-correct the
statistical-downscaling methods. Such methods are largely
empirical and are based on the inherent assumption that
the methods will perform equally well in the future as in
the historical training period (Nover and others, 2016). In
dynamical downscaling, a regional climate model (RCM) is
forced by coarse-resolution boundary and initial conditions
from a coarse-resolution GCM. Like a GCM, an RCM solves
the physical equations, but over a limited area and discretized
at finer temporal and spatial resolutions than the source
GCM output. This method results in more physically based
downscaling than that of statistical methods. Dynamical
downscaling is more time and computer-resource-intensive
than statistical downscaling, however, so RCM resolutions on
the order of tens of kilometers are typically used to downscale
long-term simulations. Because of modeling limitations,
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output from RCMs is also often bias-corrected to observations.

Lastly, hybrid approaches that combine features of statistical
and dynamical downscaling have been developed. These
approaches combine the ability of dynamical techniques

to capture the physics of the precipitation process with a
reduction in computational requirements for downscaling a
single or multiple GCMs (see, for example, Walton and others,
2015; Madaus and others, 2020). Irizarry-Ortiz and others
(2022) discuss downscaling methods in more detail.

LOCA

The University of California at San Diego has developed
the LOCA statistical-downscaling technique (Pierce and
others, 2014; Pierce, 2025) to downscale 32 GCMs from the
CMIP5 archive at 1/16th arc-degree (approximately 6.6 km)
spatial resolution (fig. 3A), covering North America from
central Mexico through southern Canada. The historical
period for this dataset is 1950-2005, and two future projected
scenarios are available: RCP4.5 and RCP8.5 over the period
2006-2100, although data are only available through 2099
for some models. Only one ensemble member from each
CMIP5 GCM is downscaled by the LOCA method. The
Fourth National Climate Assessment (Avery and others, 2018)
relied on the LOCA dataset as a source of downscaled climate
information. For this study, daily precipitation data for the
State of Florida were originally downloaded from the USGS
Center for Integrated Data Analytics (CIDA) THREDDS
data server, which has since been retired as a server (USGS
CIDA, 2024). Pierce (2025) provides links to websites from
which LOCA datasets can be downloaded. The CMIP5
models downscaled by using the LOCA method and used in
this study are listed in Irizarry-Ortiz and others (2022) and
the data release associated with this report (Irizarry-Ortiz and
Haider, 2023).

The LOCA method is a statistical-downscaling technique
that uses historical observations to add improved fine-scale
detail to global climate models (Pierce and others, 2014).

The statistical-downscaling methodology used for LOCA is
described in detail in Pierce and others (2014, 2015), Lopez-
Cantu and others (2020), and Irizarry-Ortiz and others (2022).
The historical observational gridded precipitation dataset
used for LOCA is the Livneh and others (2015; 6.6-km

native resolution) dataset over the period 1950-2005. Pierce
and others (2021) and Wootten and others (2021) found that
daily precipitation extremes are muted by about 30 percent in
the Livneh and others (2015) dataset over most areas of the
continental United States, including Florida, and attribute this
to the way Livneh and others (2015) split daily precipitation
measurements across 2 days, depending on time of
observation. This affects single-day events more than multiday
events in both Livneh (Wootten and others, 2021) and the
derived LOCA dataset. For Florida in particular, Behnke and
others (2016) found that out of the seven gridded datasets

evaluated, Livneh performed the worst in capturing extreme
precipitation climate indices at meteorological stations that are
part of the Florida Automated Weather Network (Lusher and
others, 2008; University of Florida IFAS Extension, 2026).

MACA

The University of California Merced has developed
the MACA statistical-downscaling technique (Abatzoglou
and Brown, 2012; University of California Merced, 2026)
to downscale 20 GCMs from the CMIP5 archive to spatial
resolutions of 1/24th degree (approximately 4.4 km) to
1/16th degree (approximately 6.6 km) for the continental
United States. Figure 3B—C shows grid resolutions of two
MACA datasets for Florida. The historical period for the
MACA datasets is 1950-2005, and two future projected
scenarios are available over the period 2006-99: RCP4.5 and
RCP8.5. The MACA dataset is described in more detail by
Abatzoglou and Brown (2012).

MACA version 2 utilizes two observational gridded
“training” datasets for bias correction and analog construction:
Livneh 2013 (1950-2011; 6.6-km native resolution; Livneh
and others, 2013) and gridMET (1979-2012; 4.4-km native
resolution; Abatzoglou, 2013). GridMET is also known as
Metdata. Hereafter, the MACA data based on these two
training datasets will be called MACA-Livneh and MACA-
gridMET. Deficiencies in the Livneh and others (2015)
observational dataset related to how observations of daily
precipitation are split across consecutive days previously
described for LOCA also apply to the Livneh and others
(2013) dataset used in MACA (see the “Localized Constructed
Analogs (LOCA)” section herein). For this study, daily
precipitation data for the State of Florida for MACA-gridMET
were downloaded from the USGS CIDA THREDDS data
server, which has since been retired as a server (USGS CIDA,
2024). MACA-gridMET data are available at Abatzoglou
and Hegewisch (2016). Daily precipitation data for the State
of Florida for MACA-Livneh were downloaded from the
Northwest Knowledge Network (NKN) THREDDS data
server (NKN, 2021). The CMIP5 models downscaled by
MACA and used in this study are listed in Irizarry-Ortiz and
others (2022) and in the data release associated with this report
(Irizarry-Ortiz and Haider, 2023).

The MACA technique is a statistical-downscaling
method that directly incorporates synoptic daily weather fields
from GCMs using a “weather-typing” approach to resolve
subsynoptic or mesoscale features. The overall procedure
for downscaling precipitation is detailed in Lopez-Cantu
and others (2020) and Irizarry-Ortiz and others (2022). The
MACA method was validated across the western United States
by Abatzoglou and Brown (2012) using daily data from the
European Centre for Medium-Range Weather Forecasts ERA-
Interim reanalysis (Simmons and others, 2007) dataset in place
of a GCM for the period 1989-2008.
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Analogs (MACA) Livneh; C, MACA-gridMET; D, Coordinated Regional Downscaling Experiment (CORDEX) NAM-22i; E, CORDEX NAM-44i;
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CORDEX

The North American Coordinated Regional Downscaling
Experiment (NA-CORDEX) is part of the global CORDEX
program sponsored by the World Climate Research Program to
provide global coordination of regional climate downscaling
(Giorgi and others, 2009; Mearns and others, 2017). NA-
CORDEX consists of output from RCMs over a domain
covering the majority of North America and using boundary
conditions from CMIP5 GCMs (tables 6 and 7 of Irizarry-
Ortiz and others, 2022). According to Bukovsky and others
(2021), the existing NA-CORDEX simulations for both
the historical and future climates keep the land surface
conditions constant at present-day conditions. The historical
period for most models is 1950-2005, whereas the future
projection period is from 2006 to 2100. Future projections
are available for RCP4.5 and RCP8.5 scenarios. The RCMs
have a spatial resolution of 0.22° (approximately 25 km) or
0.44° (approximately 50 km) and produce data for critical
climate variables, including daily precipitation. Because
the grids from the various RCMs are not all coincident,
the data are also made available on two common grids of
0.25° or 0.50° resolution (called NAM-22i and NAM-44i,
respectively) based on interpolation of the native RCM grid
(fig. 3D-E). Bias-corrected, simulated meteorological data
are also provided by NA-CORDEX. The bias correction of
the RCM output is performed using the multivariate quantile-
mapping method MBCn (Cannon, 2018) using the gridMET
(1979-2016; 4.4-km native resolution; Abatzoglou, 2013) or
Daymet (1980-2017; 1-km native resolution; Thornton and
others, 2016) gridded observational datasets. Bias correction
is done for the central calendar month of a 3-month sliding
window at each grid point (Cannon, 2018).

The NA-CORDEX experiment downscaled GCMs have
a wide range of equilibrium climate sensitivity from 2.4 to
4.6 °C (Irizarry-Ortiz and others, 2022) to encompass a large
range of possible changes in climate. For this study, bias-
corrected daily precipitation data on the common NAM-22i
and NAM-44i grids were obtained from the National Center
for Atmospheric Research (NCAR, 2021, 2022) for the
State of Florida. For a list of GCMs and RCMs used in NA-
CORDEX and downloaded for Florida, see Irizarry-Ortiz and
others (2022) and the data release associated with this report
(Irizarry-Ortiz and Haider, 2023). An error was previously
found in the bias-corrected CORDEX data downloaded before
November 19, 2021, as described by Mearns and others
(2017); however, the NA-CORDEX bias-corrected data were
corrected and republished by the NCAR as of November 19,
2021, and this updated dataset was used for this study (NCAR,
2021, 2022). It is evident, especially for the CORDEX NAM-
44i grid, that many NOAA Atlas 14 stations are located
within a single grid cell (fig. 3D-E). This clustering is most
pronounced in areas of high station density such as the
southeast coast of Florida (fig. 3D-E).

Datasets Used in This Study 13

JupiterWRF

Jupiter Intelligence (https://www.jupiterintel.com)
has developed a Weather Research and Forecasting (WRF;
Skamarock and others, 2019) model for central and south
Florida at 4-km resolution that can be used to downscale
historical observations of extreme precipitation events in the
region (fig. 3G). They provided the USGS with simulated
precipitation fields at 15-minute temporal resolution and 4-km
spatial resolution for 1,044 historical precipitation events
between 1979 and 2017 (Jupiter Intelligence, 2021). The
output from this model is used by Jupiter Intelligence, together
with an analog resampling and statistical scaling method they
developed, to produce downscaled future climate projections
of extreme precipitation events. Because this method uses
high-resolution output from climate models as well as
statistical techniques, it is considered a hybrid downscaling
approach.

An analog resampling technique is used by Jupiter
Intelligence to project future changes in event frequency
caused by changes in large-scale meteorological fields that
are conducive to extreme precipitation over central and south
Florida. For analog resampling, Jupiter Intelligence uses future
projections from various CMIP5 and CMIP6 GCMs, which
are listed in Irizarry-Ortiz and others (2022) and in the data
release associated with this report (Irizarry-Ortiz and Haider,
2023). To provide a wider range of potential future extreme
events, many ensemble members are used for each GCM
when available. The GCMs and projections used for analog
resampling were chosen by Jupiter Intelligence primarily on
the basis of a subjective evaluation of their relative quality
compared to other GCMs and on the availability of the daily
meteorological data needed to define analogs. To project
future changes in event magnitude, Jupiter Intelligence uses a
statistical scaling technique that intends to capture increases
in extreme precipitation resulting from increases in the
atmosphere’s water holding capacity under global warming.
The statistical scaling technique uses output from a WRF
model of North America by Liu and others (2017), which is
also described by Rasmussen and others (2020). The portion
of the North America WRF model grid in central and south
Florida is shown in figure 3H. The statistical scaling data were
provided to the USGS by Jupiter Intelligence. Data are not
currently available from Jupiter Intelligence. Contact Jupiter
Intelligence for further information.

Additional details about how to implement this method
are included in appendix 2 of Irizarry-Ortiz and others (2022)
and were provided by Jupiter Intelligence. The method was
programmed as an R script (R Core Team, 2020) to provide
estimates of future DDF curves for daily duration only.

LOCA2

The University of California at San Diego has
recently developed a second version of the LOCA dataset
(LOCAZ2; Pierce and others, 2023) using the LOCA
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statistical-downscaling technique to downscale as many

as 10 ensemble members from 27 GCMs from the CMIP6
archive on the same grid as the original LOCA dataset

(fig. 3A). The training dataset used by LOCAZ is the “Livneh
unsplit” daily gridded precipitation dataset over the period
1950-2014 (6.6-km native resolution; Pierce and others,
2021), which better preserves daily precipitation extremes
than the Livneh and others (2015) dataset used in the
original LOCA.

The historical period for LOCA2 matches that of the
CMIP6 GCMs (1950-2014), and three future projected
scenarios are available: SSP2-4.5, SSP3-7.0, SSP5-8.5 over
the period 2015-2100. Multiple ensemble members are
downscaled, which allows for potential alternative trajectories
for the historical and future climates that may result from
changes in natural variability to be considered. The Fifth
National Climate Assessment (Basile and others, 2023;
Marvel and others, 2023) relied on the LOCA?2 dataset as a
source of downscaled climate information. For this study,
daily precipitation data were downloaded via the Globus
command line interface connected to the LOCAZ2 collection at
Lawrence Berkeley Lab (2023). Data were clipped to the State
of Florida using Climate Data Operators (CDO) utilities (Max
Planck Institute for Meteorology, 2022a). The CMIP6 models
downscaled in LOCAZ2 and used in this study are listed in the
data release associated with this report (Irizarry-Ortiz and
Haider, 2023).

Most of the methods used in the first version of LOCA
are used in LOCAZ2; however, a multi-ensemble member
bias-correction scheme described in Pierce and others (2023)
was used for models with multiple ensemble members. This
approach allows for each ensemble member to have a different
maximum daily extreme at each grid cell from the one
present in the training dataset. This method performs better
at preserving rare extreme precipitation events than if each
ensemble member were bias-corrected independently.

NEX-GDDP

The NEX-GDDP CMIP6 dataset (Thrasher and others,
2021, 2022) provides global daily downscaled precipitation
data at 0.25° (approximately 25 km) resolution for 35 CMIP6
GCMs for as many as four future SSP scenarios: SSP1-2.6,
SSP2-4.5, SSP3-7.0, SSP5-8.5; the NEX-GDDRP grid in
Florida is shown in figure 3F. The historical period for this
dataset is 1950-2014, and the future projection period is
2015-2100. The CMIP6 models downscaled in this dataset
and used in this study are listed in the data release associated
with this report (Irizarry-Ortiz and Haider, 2023). The
dataset was developed using the Bias-Correction Spatial
Disaggregation (BCSD) statistical-downscaling method
(Wood and others, 2002, 2004; Maurer and Hidalgo, 2008;
Thrasher and others, 2012) and uses the 0.25°-resolution
(~26.2-km) Global Meteorological Forcing Dataset (GMFD)
for Land Surface Modeling from the Terrestrial Hydrology
Research Group at Princeton University (Sheffield and others,

2006) over the period 1960-2014. GMFD combines National
Centers for Environmental Prediction NCAR reanalysis
precipitation with global observational data, which are then
disaggregated to 0.25°-resolution by statistical downscaling.
Daily precipitation data for the State of Florida were
downloaded from the NASA Center for Climate Simulation
THREDDS data server (NASA, 2022).

Prior to the BCSD procedure, the monthly large-scale
climate trends are extracted from the GCM precipitation data
as a 9-year running average for each individual month of the
year. For bias correction, the BCSD technique uses quantile
mapping (Panofsky and Brier, 1968) of GCM precipitation
onto gridded precipitation observations that have been
spatially aggregated to the scale of the GCM. For a given day,
the algorithm generates cumulative distribution functions
(CDFs) for the GMFD data and for the historical GCM
simulations by pooling data for the day of the year £15 days
over the reference period 1960-2014. The same mapping is
applied to future GCM projections. The result is that the mean
and the variability of the downscaled precipitation evolves
according to the GCM simulation, whereas all of the statistical
moments between the GCM and observations are matched in
the reference period. After the bias-correction step, the climate
trends are added back onto the adjusted GCM climate fields.

The spatial-disaggregation step spatially interpolates
the adjusted GCM precipitation fields to the finer resolution
grid of GMFD. This process is done in several steps: (1) a
smoothed daily climatology is calculated from the gridded
GMFD observations over the reference period using a Fast
Fourier Transform that retains three harmonics at both the
native and GCM-scale resolutions; (2) in each timestep,
the bias-corrected GCM precipitation is compared to the
corresponding GMFD climatology to calculate quotient
“scaling factors”; (3) the coarse-resolution scaling factors
are bilinearly interpolated to the GMFD grid; and (4) the
interpolated scaling factors are multiplied by the fine-
resolution GMFD climatologies to obtain the final downscaled
climate fields.

The algorithm essentially merges the observed historical
spatial climatology with the relative changes or scaling factors
at each timestep as simulated by the GCMs and assumes that
the relative spatial patterns in the 1960-2014 observations will
remain constant under future climate change. The algorithm
does not add information beyond that contained in the original
CMIP6 simulations, other than by increasing spatial resolution
and by bias correction. Therefore, it preserves the frequency of
periods of anomalously high and low values contained within
each individual simulation. The method does not affect the
slope of the trends in the GCM projections, but if the model
is biased in the historical period, it affects the offset of the
climate trends by shifting the retrospective period to match
the GMFD data. Although this dataset extends to the Florida
Keys, the technical note associated with the dataset (Thrasher
and others, 2021) warns that because of lack of validation
of GMFD over oceans, downscaled values over small island
areas might not be realistic. The technical note (Thrasher and



others, 2021, p. 7) also states that “This dataset is intended
for use in scientific research only, and the use of this dataset
for other purposes, such as commercial applications, and
engineering or design studies is not recommended without
consultation with a qualified expert.”

Methods

The methodology used to derive change factors based
on CORDEX, LOCA, MACA, LOCAZ2, and NEX-GDDP
downscaled climate datasets is the same used by Irizarry-Ortiz
and others (2022) and is illustrated in the flow chart on figure
4. Change factors were computed for these five downscaled
climate datasets for durations of 1, 3, and 7 days, and return
periods of 5, 10, 25, 50, 100, 200, and 500 years. The
historical period was chosen as the 40-year period 1966-2005,
which is centered around 1985. The beginning of this period
matches the approximate beginning of the global warming
trend from the 1970s onward (Rahmstorf and others, 2017),
and the end was selected to match the end of the CMIP5
historical simulations (2005). Two 40-year future (projected)
periods of interest include a period centered around 2040 that
spans 2020-59, and a period centered around 2070 that spans
2050-89. These two 40-year periods were used to develop
change factors for application of the Multiplicative Quantile
Delta Mapping (MQDM) bias-correction method described in
the “Multiplicative Quantile Delta Mapping” section herein.

Stationarity was assumed within the 40-year historical
and future projection periods of interest, which means that
a quasi-stationary approach was used. The assumption of
quasi-stationarity implies that stationarity can be assumed
under defined conditions, such as over a given period of time.
Other studies, such as those by Ren and others (2019) and
NOAA (2022a), have used the quasi-stationary approach for
DDF fitting during specific time windows identified using
trend tests. A quasi-stationary approach was used in this study
because of the high degree of subjectivity in defining how
the parameters of the extreme value distribution may vary in
time, which increases uncertainty in return levels. First-order
stationarity was tested using the Mann-Kendall nonparametric
trend test (Mann, 1945; Kendall, 1970). For an in-depth
discussion of these and other issues related to the assumption
of nonstationarity in extreme value analysis, see Coles (2001)
and Serinaldi and Kilsby (2015).

Most of the analysis done as part of this study was
performed using R programming software (R Core Team,
2020) and various common statistical and extreme value
analyses packages on USGS desktop/laptop computers and
the USGS Denali supercomputer (Falgout and others, 2023).
The next sections describe the theory behind the methods
used to compute change factors based on the CORDEX,
LOCA, MACA, LOCAZ2, and NEX-GDDP datasets, followed
by details on the implementation of the methodology. The
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methods used for deriving change factors from JupiterWRF
output for daily duration are described in appendix 2 of
Irizarry-Ortiz and others (2022).

Extreme Value Theory

Extreme value theory (EVT) is a branch of statistics that
deals with the stochastic behavior of extreme and rare events
found in the tails of probability distributions and includes
events that are unusually large or small. The extreme events
modeled in EVT are beyond the central tendency and most
frequent range of variation of the variable at hand and include
the estimation of events that are more extreme than any that
have already been observed (Coles, 2001). The probability of
occurrence of a climate or weather variable can be described
by a probability distribution function. The upper tail of the
probability distribution, representing the larger values of
extreme precipitation, might change under future conditions.
EVT provides a class of models that make it possible to
extrapolate from observed or modeled extremes to unobserved
or unmodeled extremes (Coles, 2001).

EVT has developed under two main approaches. In the
classical block maxima (or minima) approach (Fisher and
Tippett, 1928; Jenkinson, 1955; Coles, 2001), the probability
distribution of maxima (minima) over a given block of time,
typically a year, is modeled. This is herein referred to as the
“annual maxima approach.” The second approach, called
peaks-over-threshold (POT), consists of extracting from a
continuous record the peak values that exceed (or fall below)
a particular threshold and modeling their distribution (Davison
and Smith, 1990; Irizarry-Ortiz and others, 2022). The
timeseries of threshold exceedances derived from the POT
approach is a PDS. Both extreme value approaches can be
implemented under stationary and nonstationary frameworks.
Stationarity implies that, given any subset of variables, their
joint distribution stays the same through time, which is the
approach taken here. In this study, first-order stationarity
was validated using the Mann-Kendall nonparametric trend
test with a significance level (alpha) of 0.05. In contrast,
nonstationary processes have characteristics that change
systematically through time, for example, as seasonal effects
or in the form of trends (Coles, 2001). These changes are
reflected as changes in their probability distribution through
time. Irizarry-Ortiz and others (2022) provide a detailed
discussion of the annual maxima and POT approaches. The
POT approach was used in this study and will be discussed
hereafter in the context of the stationary framework.

ARFs

ARFs are used in stormwater infrastructure design to
convert point precipitation for a given duration and return
period into areal precipitation over a given area for the same
duration and return period (Pavlovic and others, 2016).
Typically, the area of interest is a watershed. ARFs are also
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Figure 4. Methodology for deriving change factors for all downscaled datasets except JupiterWRF. (Modified from Irizarry-
Ortiz and others, 2022).



useful when comparing simulated precipitation between
datasets with different resolutions. As demonstrated by Chen
and Knutson (2008), precipitation output from climate models
should be interpreted as areal means rather than as point
values, and their use and analysis should remain consistent
with that interpretation. Otherwise, large differences in
precipitation fields among datasets with different resolutions
may be misinterpreted as bias. If the comparison is performed
at consistent spatial scales, the true bias may be smaller or
even of a different sign. In the computation of DDF change
factors, described in the “Multiplicative Quantile Delta
Mapping” section, current and future ARFs are assumed to

be constant so that they would cancel out; however, ARFs are
still useful when assessing model performance by comparing
modeled extremes against observed extremes.

To evaluate the performance of modeled precipitation
extremes from datasets of various resolutions by comparison
against observational datasets for a chosen historical period in
this study, grid-cell (areal) scale DDF curves were divided by
ARFs to approximate station-scale (point-scale) DDF curves.
The model-derived station-scale DDF curves for the historical
period can then be compared to station-scale DDF curves
from NOAA Atlas 14 volume 9 (Perica and others, 2013) or
other sources. Because the station data used in developing the
NOAA Atlas 14 DDF curves may include data for the period
1840-2008, depending on the station, all the precipitation
data available from the historical period (1950-2005) of the
downscaled climate datasets were used for this comparison.

88° 87° 86° 85° 84° 83°

Methods 17

The two sets of historical DDF curves may not be completely
comparable because of the differences inherent in the data and
methods used to develop them, which include (1) different
periods of record, and (2) different methods for DDF curve-
fitting (regional frequency analysis on annual maximum series
for NOAA Atlas 14 versus constrained maximum likelihood
[CML] for the downscaled climate model datasets as
discussed in Irizarry-Ortiz and others, 2022). Therefore, some
differences between the two are to be expected.

Irizarry-Ortiz and others (2022) discuss known sources
of ARF data and methods. In their study, geographically fixed-
area ARF curves for climate regions across the State of Florida
(fig. 5) were used to account for differences in spatial scale
when comparing the model-derived station-scale DDF curves
for the historical period to station-scale DDF curves from
NOAA Atlas 14 volume 9 (Perica and others, 2013). Figure 6
shows the mean ARFs developed by Irizarry-Ortiz and others
(2022) for 1-, 3-, and 7-day durations by ARF region (fig. 5).
Also shown are error bars representing the mean ARF for each
ARF region plus and minus one standard deviation of the grid-
cell values within each ARF region. As expected, the mean
ARF increases with increasing duration and its variability
decreases. Overall, ARF values decrease from north to south
Florida, and ARF values tend to be lower on the west coast of
south Florida than on the east coast. As shown in figure 6, the
ARF correction is close to 1 for most datasets, except for the
CORDEX models and in particular for the coarser NAM-44i
models.
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Multiplicative Quantile Delta Mapping

Quantile mapping or CDF-matching methods (Panofsky
and Brier, 1968) are often applied to bias-correct precipitation
time series from climate model simulations, but the methods
can similarly be used to bias-correct annual maximum series
of precipitation or DDF curves. They can also be used as a
form of statistical downscaling that attempts to bridge the
scale mismatch between the model grid-cell estimates and the
point observations. In this study, a MQDM approach (Wang
and others, 2013; Cannon and others, 2015) is used to bias-
correct projected future DDF curves. MQDM, as opposed to
its additive version, is better suited to correcting variables
such as precipitation where preserving relative changes is
important to respect the Clausius-Clapeyron relation (Wallace
and Hobbs, 2006), which relates the amount of atmospheric
moisture to temperature changes. Lanzante and others (2021)
confirmed the superiority of MQDM over its additive version
by means of a “perfect model” experiment. The MQDM
method is described in more detail by Irizarry-Ortiz and others
(2022), and only the most relevant version of the equation is
included in this manuscript:

Rmpadi. = Fmpag.(F) = Foh(P)-[FLL(B)/FLP)], (D)
where
Kmpagi, 19 the adjusted quantile for the model
projections for the future projection period;
m is the model of interest;
p is the future projection period of interest;
mpagi, 1S the inverse CDF (that is, the quantile

function) of the adjusted model projections
for the future projection period;

F isequalto F, (%y,), the annual
nonexceedance probability for the model
projections in the future projection period;

Knp is the quantile for the model projections in the
future projection period;

Fol is the inverse of the CDF (that is, the quantile
function) of the observations in the
historical baseline period;

0 is the observation of interest;

h is the historical baseline period of interest;

Fap  isthe inverse of the CDF of the model
projections for the future projection
period; and

Foh  isthe inverse of the CDF of the model in the
historical baseline period.

The annual nonexceedance probability for the model

projections in the future projection period (F = Fm'p(?m'p)) is
related to the return period by the following relation:

F=1-P=1-1/T, )
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where
T is the annual return period, in years; and
P is the annual exceedance probability (AEP),
which is equal to 1/T.

The term F,., (F)/ F,.;,(F) in equation 1 is the change
factor for the particular nonexceedance probability (or return
period), and duration. The assumption is that the relative
change between historical and future projected conditions
can be indicative of future changes in DDF curves even if the
models are biased. The ultimate goal of this study is to obtain
change factors from the historical period (1966-2005) to the
future projection periods (2020-59 and 2050-89) across the
locations of NOAA Atlas 14 stations in Florida. These change
factors could then be applied to the PDS-based DDF curves
from NOAA Atlas 14 to obtain future projected DDF curves.

NOAA Atlas 14 stations in the Florida Keys (08-2418,
08-4570, 08-5035, and 08-8841, defined in Irizarry-Ortiz and
Haider, 2023) are inactive in most downscaled model grids
(fig. 3). In such cases, data from the closest mainland grid
cells to these four stations were used for developing DDF
curves at these four locations. Although the NEX-GDDP
dataset extends to the Florida Keys, the technical note for
the dataset (Thrasher and others, 2021) warns that because
of a lack of validation of its training dataset (GMFD) over
oceans, downscaled values over small island areas might not
be realistic. Therefore, change factors developed for these four
locations in the Florida Keys are highly uncertain and should
be used with caution.

Derivation of Change Factors

The following is a description of the analytical steps
used to derive change factors based on CORDEX, LOCA,
MACA, LOCA2, and NEX-GDDP downscaled climate
datasets (fig. 4). For each dataset, the closest grid cells to
each of the 242 NOAA Atlas 14 stations in Florida were
identified for each model. For each of these grid cells, rolling
sums of daily precipitation were computed using R package
RcppRoll (Ushey, 2018) to obtain the cumulative 3- and
7-day precipitation totals. This process was repeated for each
climate model run for historical and future projection periods
for each RCP or SSP scenario in each dataset. It is expected
that all extreme values might be downward-biased because
of their being constrained to a clock-based interval (that is,

a consistent daily timestep). Therefore, rolling sums for the
durations of interest were multiplied by correction factors
(table 1; Perica and others, 2013) to convert constrained
precipitation totals to unconstrained precipitation totals for
each duration, that is, to the maximum precipitation for any
time period of the given duration. Checks were made to ensure
that the selected exceedances for each duration were larger
than for shorter durations overall by comparing their CDFs.
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The POT approach was used to fit the generalized Pareto
(GP) probability distribution (Pickands, 1975; Leadbetter
and others, 1983; Davison and Smith, 1990; Coles, 2001,
Katz and others, 2002) to exceedances above a high threshold
(fig. 4), as described by Irizarry-Ortiz and others (2022). In
this study, thresholds were defined for every location (grid
cell) on the basis of a percentile of the precipitation totals for
each duration that would result in 2—3 exceedances per year
(4) for each duration after declustering; the chosen percentiles
were 99th, 98th, and 97th for 1-, 3-, and 7-day durations,
respectively. The runs declustering method in the extRemes
package from R (Gilleland and Katz, 2016) was used with run
lengths equal to the duration in days, plus 1 day (fig. 4). That
is, run lengths of 2, 4, and 8 days were chosen for 1-, 3-, and
7-day durations, respectively. Our choice of run length for the
1-day event is similar to that of NOAA (2022a), which found
that dependent events in the time series of exceedances do
not affect the precipitation frequency estimates substantially
and that declustering the daily exceedances using a 1-day
separation period between exceedance events would be
adequate. The run length is the number of threshold deficits
to be considered as starting a new cluster. These run
lengths were chosen to exclude neighboring (clustering)
rolling-sum precipitation values that include the same high-
precipitation days.

The extRemes package from R (Gilleland and Katz,
2016) was used to compute the interval-based extremal index
of the exceedances declustered by the runs declustering
method with prespecified run lengths. The objective of this
exercise was to confirm that the exceedances declustered
on the basis of prespecified run lengths were reasonably
independent. A cutoff value of 0.7 for the interval-based
extremal index, 6, was assumed to be indicative of adequate
tail independence. Additional statistical tests, such as the lag-1
Kendall autocorrelation coefficient (KACF; Durbin, 1960)
and the Mann-Kendall trend test (MK; Mann, 1945; Kendall,
1970), were employed to determine whether precipitation
excesses above a chosen threshold met the basic assumptions
for POT, namely that the declustered excesses were
independent and identically distributed. The GP was then fit to
cluster maxima, hence the POT approach.

The GP was fitted one duration at a time using the
traditional maximum likelihood (ML) approach and for all
durations at once using the CML approach (Irizarry-Ortiz and
others, 2022) at each model grid cell where a NOAA Atlas
14 station is located (fig. 4). In the CML approach, the GP
shape and scale parameters are simulated as linear functions
of duration and constraints are added to ensure that return
levels for a given duration are larger than those for a shorter
duration. The CML approach requires fitting two fewer
parameters than the traditional ML approach (Irizarry-Ortiz
and others, 2022). The resulting GP fits based on the CML
approach are used to derive DDF curves by using the quantile
function of the GP for each duration and converting the return
periods of interest into nonexceedance probabilities. The
tradeoff between model fit and parameter parsimony in the

CML approach compared to the traditional ML approach is
quantified by means of the Akaike Information Criterion (AIC;
Akaike, 1973). In addition, a bootstrapping approach was used
to determine goodness of fit (GOF) for the GP distribution
(fig. 4) using the tests defined in Irizarry-Ortiz and others
(2022): Kolmogorov-Smirnov, Anderson-Darling, Cramér-von
Mises, the Pearson product moment correlation coefficient on
probability-probability plots, and the Pearson product moment
correlation coefficient on quantile-quantile plots. In addition
to the GOF statistics described above, two other methods were
used to determine whether the GP distribution is a reasonable
distribution to model exceedances above a high threshold,

as in Irizarry-Ortiz and others (2022). First, the gamlss R
package (Rigby and Stasinopoulos, 2005) was used to fit all
the available probability distributions in the package that

can model real positive values. Second, an L-moment ratio
diagram (Hosking, 1990; Vogel and Fennessey, 1993) was
used to determine whether the excesses above the selected
threshold at each location follow a GP distribution.

The resulting DDF curves apply at the grid-cell scale and
are divided by appropriate ARFs to obtain station-scale values
for both historical and future projection periods. Assuming
the historical ARF applies to the future projection period, the
ARF would cancel out in the computation of change factors;
however, the ARF allows for comparison of the station-scale
DDF curves fitted to simulated historical precipitation data
as part of this study against the NOAA Atlas 14 PDS-based
DDF curves that were fitted to historical observations of
precipitation. Finally, the MQDM method (eg. 1) was used
to compute change factors as the ratio of the future projected
DDF precipitation depth to the historical DDF precipitation
depth for each station grid cell in each downscaled
climate dataset.

Model Culling

Model culling refers to the process by which some
models are eliminated from further analysis, and the remaining
subset of climate models (referred to as “best” models,
hereafter) are selected to inform future changes in impact-
relevant climate variables (such as used by Infanti and others,
2020). The “best” models are determined by a series of
performance measures of relevance to the region and variables
of interest. The performance measures are typically based
on how well the models reproduce historical observations at
weather stations or in comparison to observational gridded
products in the region of interest. For this study, precipitation
extremes and their return periods in Florida are of the utmost
importance to meet the study objective. The use of the word
“best” within quotes is to emphasize that these models are the
ones that best reproduce historical observations for the limited
set of performance measures evaluated, but we do not imply
that these models would necessarily perform best in simulating
all aspects of the historical or future climate or result in the
most accurate change factors.



The Expert Team on Climate Change Detection and
Indices (ETCCDI; further information available at http://
etcedi.pacificclimate.org/list 27 indices.shtml) has defined
climate extremes indices on the basis of daily precipitation
data. The original ETCCDI indices and variations thereof
(Zhang and others, 2011) have been used by many researchers
worldwide to assess the performance of GCMs and
downscaled climate products (see, for example, Donat and
others, 2013; Sillmann and others, 2013a, b; Srivastava and
others, 2020). Several ETCCDI precipitation extreme indices
were selected to quantify model performance, as documented
in table 3. The ETCCDI precipitation extreme indices
were supplemented with additional indices of relevance
to this study, as listed in table 3. Preliminary evaluation of
precipitation extreme indices for the various downscaled
climate datasets used in this study showed correlation between
some of the indices, and only a small number of models
remained when model culling was based on all the indices
listed in table 3. To include as many models as possible
to inform the potential range of change factors, a decision
was made to only use four precipitation extremes indices in

Table 3. Extreme precipitation indices evaluated in this study.
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selecting the “best” models (fig. 4). These selected indices
consist of annual maxima of consecutive precipitation for
durations of 1, 3, 5, and 7 days, and are the most relevant to
the estimation of precipitation extremes.

Two reference observational datasets were used to
evaluate historical precipitation extremes indices in this
study: the SFWMD “Super-grid” and PRISM. Various studies
have found that the model performance in capturing climate
extremes indices varies depending on the reference dataset
chosen (Gleckler and others, 2008; Sillmann and others,
2013a, b; Donat and others, 2014; Wang and others, 2020).
The SFWMD *“Super-grid” and PRISM observational datasets
were chosen for validation of precipitation extreme indices
instead of the gridded observational precipitation datasets
used in bias correction of the downscaled datasets (Livneh,
Daymet, gridMET, Livneh unsplit, and GMFD). As discussed
by Irizarry-Ortiz and others (2022), PRISM was chosen on the
basis of Behnke and others (2016), who identified it as one of
the best performing datasets at capturing daily precipitation
statistics and most climate extremes indices at meteorological
stations in Florida, whereas the SFWMD *“Super-grid”

[All indices are recommended by the Expert Team on Climate Change Detection and Indices (2009) except those indicated as supplemental indices. 1D,

identifier; mm, millimeter; >, greater than or equal to; <, less than]

Index ID Index name Index definition Unit of measure

PRCPTOT Annual total wet day precipitation Annual total precipitation from days with precipitation  Inches
>1mm

R1mm? Number of wet days Annual count of days with precipitation > 1 mm Days

R10mm Number of heavy precipitation days Annual count of days with precipitation > 10 mm Days

R20mm Number of very heavy precipitation Annual count of days with precipitation > 20 mm Days

days

SDII Simple daily intensity index Ratio of annual total precipitation to the number of wet Inches per day
days (> 1 mm) (PRCPTOT/R1mm)

CDD Consecutive dry days Maximum number of consecutive days when precipita- Days
tion < 1 mm in a year

CwWD Consecutive wet days Maximum number of consecutive days when precipita- Days
tion > Imm in a year

RX1day?3 Max 1-day precipitation amount? Annual maximum 1-day precipitation Inches

RX3day?23 Max 3-day precipitation amount? Annual maximum consecutive 3-day precipitation Inches

RX5day?3 Max 5-day precipitation amount? Annual maximum consecutive 5-day precipitation Inches

RX7day®23 Max 7-day precipitation amount? Annual maximum consecutive 7-day precipitation Inches

R95p Very wet days Annual total precipitation from days > 95th percentile  Inches
in the base period

R95pTOT? Contribution from very wet days 100 * R95p / PRCPTOT Percent

R99p Extremely wet days Annual total precipitation from days > 99th percentile  Inches
in the base period

R99pTOT? Contribution from extremely wet days 100 * R99p / PRCPTOT Percent

tSupplemental index of relevance to this study that are not part of the original list from the Expert Team on Climate Change Detection and Indices (ETCCDI,;

Zhang and others, 2011).

2Used to cull models for this study.

3Used in selecting “best” models in this study for reproducing historical observations based on index of performance.


http://etccdi.pacificclimate.org/list_27_indices.shtml
http://etccdi.pacificclimate.org/list_27_indices.shtml
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dataset was developed by the SFWMD to cover nearly the
entire SFWMD and with a long enough record to allow for
analysis of trends (SFWMD, 2005). In this study, the common
25-year historical period between PRISM and the downscaled
datasets (1981-2005) was chosen as the base period for
computation of percentiles in the percentile-based indices and
for calculation and performance evaluation of the precipitation
extremes indices.

The precipitation extremes indices were calculated
using Python code developed by Gibson (2021). The Python
code relies on Python bindings (Max Planck Institute for
Meteorology, 2022b) to CDO. The CDO utility remapnn (Max
Planck Institute for Meteorology, 2022c¢) was used to remap
the climate indices computed for the downscaled climate
datasets to the grids of the PRISM and SFWMD ”Super-
grid” datasets using nearest-neighbor interpolation. This
interpolation method was used so as not to add information
to the downscaled climate datasets that was not already
there. In essence, the assumption was made that the grid-
cell values from the downscaled climate datasets represent
mean values over the grid cell (see Chen and Knutson,

2008), and the node value was assigned to all PRISM and
SFWMD “Super-grid” locations having their centroid within
a model grid cell. Although the resolution of the indices may
be the same for the reference and downscaled datasets after
remapping, differences in climate indices are to be expected
because of differences in the native scale of each dataset and
the order of steps followed in remapping (that is, climate
index computation first, followed by remapping, or vice
versa). Climate indices for the reference datasets represent
the approximately 4- or 3.2-km spatial mean of daily station
precipitation that was used for each PRISM or SFWMD
“Super-grid” cell, respectively. In contrast, climate indices
for CORDEX, for example, were calculated from the 25- to
50-km daily precipitation simulated for each CORDEX grid
cell and then assigned to all PRISM or SFWMD “Super-grid”
cells located within the area of the CORDEX grid cell.

To summarize the spatial pattern match of each climate
index in the downscaled datasets to the reference dataset,
various performance measures from Gleckler and others
(2008), Sillmann and others (2013a), and Srivastava and
others (2020) were used. These performance measures were
evaluated separately for five distinct climate regions in Florida
(fig. 2). The climate regions were defined as the NOAA (2011)
U.S. Climate Divisions for the State of Florida, with Florida
climate divisions 5, 6, and 7 merged into a single region
named “south Florida” hereafter. Guttman and Quayle (1996)
explain the history behind U.S. climate divisions.

The root-mean-square error (RMSE) statistic is used to
summarize the performance of each model in capturing the
climatology (long-term mean for 1981-2005) of each index
calculated from the reference dataset at the model resolution:

RMSE, , = %Z(T—I_)z , 3)

where
RMSE,,, is the RMSE statistic for climate index |
in model m

is the index for a grid cell in model m,

is the number of grid cells in model m,

is the climatological mean of index I at grid
cell ¢ for model m after remapping to the
scale of the observational dataset, and

is the climatological mean of index I at grid
cell ¢ for the reference observational
dataset o.
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The best models will have a small RMSE . The relative
performance of a model in simulating the climatological mean
of the reference observational dataset can be computed by
normalizing the RMSE, , as follows:

RMSE,,, — RMSE, .,
NRMSE,,, = RMSEymg, : 4
where
NRMSE,,, isthe normalized RMSE statistic for climate
index I in model m, and
RMSE is the median of the RMSE statistic across all

med, |
models in a particular downscaled climate
dataset for climate index I.

The median is used for normalization to avoid undue
influence by outlier models having unusually large errors. The
best models will have a large negative NRMSE_, |, indicating
that the model performs better than most models. A large
positive NRMSE,, , indicates that the model performs worse
than most models. To quantify the overall performance of a
model in simulating the climatological mean of all indices,
the Model Climatology Index (MCI) from Srivastava and
others (2020) was used, but it was modified to use the mean of
the NRMSE, | values over all indices for a particular model as
opposed to the median.

In addition to the spatial pattern in the climatological
mean, it is important to quantify how different models capture
the spatial pattern of the interannual variability of each
climate index from gridded observations. For this purpose,
the interannual variability skill score (IVSS; Chen and others,
2011; Jiang and others, 2015) was used, which is defined as

2
Otme Oloc
1VSS,, , = Z(Gm GIM] , (5)
where
IVSS,,, is the interannual variability skill score
statistic for climate index I in model m,
Oymc 1 the interquartile range (difference between

75th and 25th percentile) of index I at grid
cell ¢ for model m after remapping to the
scale of the observational dataset, and



is the interquantile range (difference between
75th and 25th percentile) of index I at
grid cell c for the reference observational
dataset o.

Oloc

The best models will have a small IVSS . The relative
performance of a model in simulating the interquartile range
of the reference observational dataset can be computed by
normalizing the IVSS, | as follows:

IVSS,,, — IVSSyey,
IVSS ! ©)

med, |

NIVSS,, =

where
NIVSS,,, isthe normalized interannual variability skill
score for climate index | in model m, and
IVSS is the median, med, of the interannual

med,|
variability skill score across all models in

a particular downscaled climate dataset for
climate index I.

The best models will have a large negative NIVSS,, |,
indicating that the model performs better than most models.
A large positive NIVSS, | indicates that the model performs
worse than most models. To quantify the overall performance
of a model in simulating the interannual variability of all
indices, the Model Variability Index (MVI) from Srivastava
and others (2020) was used but was modified to use the mean
of the NIVSS,, | values over all indices for a particular model
as opposed to the median. Lastly, the MCI and MV for each
model were plotted as a scatterplot, with the best performing
models having the largest negative MCI and MV Is.

In this report, only results considering all models are
presented; however, the list of best models and results, such
as change factor quantiles considering only best models,
are included in the data release associated with this report
(Irizarry-Ortiz and Haider, 2023).

Results

Change factors were derived for extreme precipitation
events from the output of six downscaled models at grid
cells closest to the 242 weather stations used in the NOAA
Atlas 14 analyses for Florida. Future changes in the timing of
extreme events may or may not correlate directly with changes
in the annual cycle of precipitation. Figures 7-11 show the
annual cycle of mean monthly precipitation for the historical
period (1966—2005) and the two future periods (2020-59
and 2050-89), as simulated in each of the six downscaled
climate datasets for the five climate regions in the State of
Florida (fig. 2). Data from the KACE-1-0-G rlilplfl GCM
are excluded from the NEX-GDDP dataset in figure 10
because they show much lower precipitation in January and
February than do the remaining models and observational
datasets during the historical period. Increasing precipitation
seasonality is evident from northwest to south Florida in
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figures 7-11. The range of the annual cycle of mean monthly
precipitation in historical simulations from different climate
models in each downscaled climate dataset tends to match

the annual cycle of precipitation from PRISM, the SFWMD
“Super-grid,” and the datasets used in bias correction
reasonably well. Each downscaled climate dataset was bias-
corrected to different gridded observational datasets; therefore,
as expected, they tend to match the dataset that they were bias-
corrected to better than they match PRISM and the SFWMD
“Super-grid” in the historical period. The variability shown

in the historical simulations might be due, at least in part, to
the different period used in bias-correcting each downscaled
climate dataset than the 40-year historical period chosen here
for DDF calculation.

Srivastava and others (2022) show that raw precipitation
data from the CORDEX models prior to bias correction do
not to capture the annual cycle of mean monthly precipitation
in Florida, with some models completely out of phase or not
able to capture the cycle’s amplitude. Most CORDEX RCMs
evaluated by Srivastava and others (2022) underestimate
precipitation from June through August and overestimate it
during the rest of the year. The bias-correction algorithm used
by CORDEX generally corrects the seasonality problem, as
shown in figure 7.

As discussed in Irizarry-Ortiz and others (2022), the
use of a 3-month sliding window for bias-correcting each
central month in CORDEX (Cannon, 2018) results in more
variability in the historical simulations than for other datasets
(figs. 7-11). The use of a 3-month sliding window also results
in a general overestimation of precipitation during the wet-
dry season transition months of May and October and an
underestimation in June in CORDEX, especially for the two
southernmost Florida climate regions. Future projections for
different climate models in each downscaled climate dataset
(figs. 7-11) vary widely in wet-season precipitation for all
climate regions and periods. However, the future projected
range of wet-season precipitation is more compact in
CORDEX (fig. 7), which is possibly a result of fewer GCMs
downscaled by CORDEX (eight) than in other downscaled
climate datasets.

The median projected change in the annual cycle
of mean monthly precipitation from the historical period
(1966-2005) to the future periods (2020-59 and 2050-89)
(fig. 12) indicates a shift in seasonality of increasing amplitude
from north to south Florida. Projected reductions in June—
August precipitation and increases in precipitation during the
transitional months of May and October are especially evident
in central and south Florida. The projected increase in May
precipitation is more marked in the CMIP6 datasets (LOCA2
and NEX-GDDP) than in the CMIP5 datasets. The projected
seasonality changes are more marked in the period 2050-89
than in the earlier period, 2020-59, especially in central and
south Florida. The projected decline in summer precipitation
in south Florida is consistent with GCM projections of
summertime drying of the Caribbean region extending into
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Figure 7. Annual cycle of mean monthly precipitation for the historical period (1966—2005) and the two future periods (2020-59 and
2050-89), as simulated for all models in the Coordinated Regional Downscaling Experiment (CORDEX) dataset for the Florida climate
regions in figure 2. Annual cycle of mean monthly precipitation for observational datasets shown for comparison. The green, blue, and
cyan boxplots are the annual cycle of mean monthly precipitation for the historical (1966—-2005) and the two future projection periods
(2020-59, 2050-89), respectively, for all models. On the graph, the historical observations are aligned with the corresponding historical
boxplots on the horizontal axis.
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Figure 8. Annual cycle of mean monthly precipitation for the historical period (1966—2005) and the two future periods (2020-59 and

2050-89) as simulated in the Localized Constructed Analogs (LOCA) dataset for the Florida climate regions in figure 2. Annual cycle of

25

mean monthly precipitation for observational datasets shown for comparison. The green, blue, and cyan boxplots are the annual cycle

of mean monthly precipitation for the historical (1966—2005) and the two future projection periods (2020-59, 2050-89), respectively, for

all models. On the graph, the historical observations are aligned with the corresponding historical boxplots on the horizontal axis.
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Figure 9. Annual cycle of mean monthly precipitation for the historical period (1966—2005) and the two future periods (2020-59 and
2050-89) as simulated in the Multivariate Adaptive Constructed Analogs (MACA) dataset for the Florida climate regions in figure 2.

Annual cycle of mean monthly precipitation for observational datasets shown for comparison. The green, blue, and cyan boxplots are
the annual cycle of mean monthly precipitation for the historical (1966-2005) and the two future projection periods (2020-59, 2050-89),
respectively, for all models. On the graph, the historical observations are aligned with the corresponding historical boxplots on the
horizontal axis.
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Figure 10. Annual cycle of mean monthly precipitation for the historical period (1966—2005) and the two future periods (2020-59 and
2050-89) as simulated in the National Aeronautics and Space Administration Earth Exchange Global Daily Downscaled Projections
(NEX-GDDP) dataset for the Florida climate regions in figure 2. Annual cycle of mean monthly precipitation for observational datasets
shown for comparison. The green, blue, and cyan boxplots are the annual cycle of mean monthly precipitation for the historical
(1966—2005) and the two future projection periods (2020-59, 2050-89), respectively, for all models. On the graph, the historical
observations are aligned with the corresponding historical boxplots on the horizontal axis.
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LOCA2, climate region 1 (Northwest Florida)

L I I ) I D R O

Precipitation, in inches per month

D

4 S S I

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.
Month

LOCA2, climate region 3 (North-central Florida)

L I I N BN B N B

Precipitation, in inches per month

A R O I o
Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Month

LOCA2, climate region 5 (South Florida)
L I D I O R O

oo

Development of Projected Depth-Duration-Frequency Curves for Precipitation in Florida, 2020-59 and 205089

LOCAZ, climate region 2 (North Florida)
[TT T T T T T T T T T T T T T T T T

Precipitation, in inches per month

i

™

I M I O B |
Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Month

LOCAZ, climate region 4 (South-central Florida)
FTT T T T T T T T T T T T T T

Precipitation, in inches per month

I Y I O
Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Month

U I

EXPLANATION

All models in downscaled
climate dataset

Largest value within 1.5
times interquartile range

Abbreviations

above 75th percentile LOCA  Localized Constructed
Analogs
Toth percentile é LOCAZ, 1965-2005 LOCA2 Localize(_i Constructed Analogs
50th percentile | Interquartile version 2 .
(median) range I]i] LOCA2, 2020-59 PRISM Para&zt;r;:iloe::t;n

Precipitation, in inches per month
[=2]

N

il

oo

i

25th percentile

Smallest value within 1.5
times interquartile
range below 25th
percentile

é LOCA2, 2050-89

Observational dataset
— PRISM, 1981-2019
SFWMD “Super-grid,”

1966-2005
Livneh (used in

bias-correcting LOCA),
1950-2005

O Outside value—Value is >1.5
times the interquartile
range above the box

Independent Slopes Model

SFWMD  South Florida Water
Management District

i

[ ) O (N N B
Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Month

o

Figure 11. Annual cycle of mean monthly precipitation for the historical period (1966—2005) and the two future periods (2020-59

and 2050-89) as simulated in the Localized Constructed Analogs version 2 (LOCA2) dataset for the Florida climate regions in figure 2.
Annual cycle of mean monthly precipitation for observational datasets shown for comparison. The green, blue, and cyan boxplots are
the annual cycle of mean monthly precipitation for the historical (1966—2005) and the two future projection periods (2020-59, 2050-89),
respectively, for all models. On the graph, the historical observations are aligned with the corresponding historical boxplots on the
horizontal axis.



southern portions of peninsular Florida (Misra and others
2011; Collins and others, 2013; Byrne and others, 2018;
Taylor and others, 2018; Campbell and others, 2021).

The CMIP6 datasets (LOCA2 and NEX-GDDP) project
increases in precipitation in northwest Florida during all
months in both future periods, but only for the future period
2020-59 in north Florida (fig. 12); however, both datasets
project an overall increase in annual total precipitation in
both climate regions. A larger or longer-lasting decline in
summertime precipitation for north and north-central Florida
is projected by the CMIP6 datasets than the CMIP5 datasets,
especially for the period 2050-89. In particular, the CMIP6
datasets project declines in July and August precipitation
in these two climate regions, whereas the CMIP5 datasets
only project declines in July precipitation. Median projected
changes in annual precipitation (fig. 12) are relatively small;
however, larger increases in annual precipitation are projected
for northwest Florida, with smaller increases toward the south.
In general, LOCAZ projects the largest increases in annual
precipitation, whereas LOCA and MACA project the smallest
increases, and even decreases, for south-central and south
Florida in the period 2050-89.

Declustering and Partial-Duration Series

Extreme precipitation events were identified as those
exceeding the 99th, 98th, and 97th percentiles of precipitation
for 1-, 3-, and 7-day durations, respectively. After declustering
the precipitation exceedances using run lengths equal to
the duration plus 1 day, it was determined that more than
95 percent of the grid cells had an extremal index (as
calculated from the intervals method of Ferro, 2003; and Ferro
and Segers, 2003) of 0.7 or greater in all periods, durations,
and models in all downscaled climate datasets. The inverse of
the extremal index provides an estimate of the mean cluster
size (Moloney and others, 2019); therefore, an extremal
index of 0.7 would correspond to mean cluster size of 1.4.
This increases confidence that the declustering was adequate
for the great majority of cells. This approach was applied to
the CORDEX, LOCA, MACA, LOCA2, and NEX-GDDP
downscaled climate datasets. After declustering, the CML
approach was used to fit the GP distribution to declustered
precipitation excesses for durations of 1, 3, and 7 days, for the
periods 2050-89 and 1966-2005 at every grid cell closest to
each of the 242 NOAA Atlas 14 stations in Florida.

As discussed by Winsberg (2020) and Irizarry-Ortiz and
others (2022), the historical monthly frequency distribution
of extreme precipitation is bimodal over most of the State,
peaking in June and September. Winsberg (2020) explained
the June peak as resulting from the Intertropical Convergence
Zone moving north and having more influence on the local
weather and the September peak as resulting from the greater
frequency of tropical storms reaching the State during that
month, which corresponds to the peak of the Atlantic hurricane
season. Figures 13-15 show the median change in the annual
cycle of the mean monthly number of declustered threshold
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exceedance events from the historical period (1966—-2005) to
the future periods (2020-59 and 2050-89) for durations of 1,
3, and 7 days, as simulated in each downscaled climate dataset
for the climate regions shown in figure 2. The percentile-
based historical threshold is used to define the number of
exceedance events for both the historical and future periods.
For example, the 99th percentile value chosen as the threshold
to define extreme 1-day events in the historical period (fig. 13)
corresponds to about 3.6 extreme precipitation events per
year on average. Those 3.6 extreme events in an average year
have an associated annual cycle (Winsberg, 2020) with less
than one extreme event happening per month on average (see
Irizarry-Ortiz and others, 2022). Therefore, figure 13 shows
the median changes across models in the mean monthly
number of exceedances of the threshold value defined by

the 99th percentile of the historical data. Figures 14-15 can

be interpreted in a similar manner to the above explanation
for figure 13; however, they correspond to 3- and 7-day
extreme events defined as those exceeding the 98th and

97th percentiles, respectively. Note that in fitting the GP
distribution, different percentile-based thresholds are used for
the historical and future periods. When the percentile-based
historical threshold is used to define exceedance events for the
historical and future periods, as in figures 13-15, the median
change in the annual number of threshold exceedance events
from the historical to the future periods is generally positive
for most datasets, climate regions, durations, and periods. This
means that an increase in the number of extreme events is
projected, especially for the northernmost climate regions and
for the latter period 2050-89.

Overall, the median change in the number of future
exceedance events for all durations (figs. 13—-15) follows a
similar seasonal pattern as the projected median changes to
the mean annual cycle of precipitation (fig. 12). The similarity
in seasonal changes between overall precipitation and the
number of future exceedance events is more evident for the
7-day duration (fig. 15), whereas changes for 1- and 3-day
durations are more erratic, although a seasonal pattern can
still be discerned. The number of future exceedance events
is generally projected to increase during the dry season,
particularly during the transitional months for the longer
durations, and decrease during the wet season, especially in
the south. The annual number of future exceedance events is
projected to increase the most according to the CORDEX and
NEX-GDDP datasets and the least according to the LOCA
and MACA datasets. The annual number of future exceedance
events is projected to increase the most in the northern climate
regions and less so further south because of decreases in
the number of events during the wet season in the south,
particularly in the period 2050-89.

Goodness of Fit

The AIC is used to quantify goodness of fit. For each
grid-cell location corresponding to NOAA Atlas 14 stations
in every downscaled model, the change in AIC (AAIC) was
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Median change in the annual cycle of mean monthly precipitation from the historical period (1966-2005) to the two future periods (2020-59 and 2050-89) as

simulated in each downscaled climate dataset for the Florida climate regions shown in figure 2. Values in parentheses next to each dataset represent the median change in
annual precipitation, in inches per year, from the historical period to the future period. CORDEX, Coordinated Regional Downscaling Experiment; LOCA, Localized Constructed
Analogs; LOCA2, Localized Constructed Analogs version 2; MACA, Multivariate Adaptive Constructed Analogs); NEX-GDDP, National Aeronautics and Space Administration Earth
Exchange Global Daily Downscaled Projections.
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) 1-day duration, climate region 1 (Northwest Florida)
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Figure 13. Median change in the mean annual cycle of the monthly number of declustered threshold exceedance events from the historical period (1966—2005) to the two future
periods (2020-59 and 2050-89) for 1-day duration, as simulated in each downscaled climate dataset for the Florida climate regions in figure 2. Values in parentheses next to each
dataset represent the median change in the annual number of declustered threshold exceedance events from the historical period to the future period. CORDEX, Coordinated
Regional Downscaling Experiment; LOCA, Localized Constructed Analogs; LOCA2, Localized Constructed Analogs version 2; MACA, Multivariate Adaptive Constructed Analogs);
NEX-GDDP, National Aeronautics and Space Administration Earth Exchange Global Daily Downscaled Projections.

[43

68-050Z Pue 65-0Z0Z ‘ep1o]4 u1 uonendioaid 10y saning Asuanbaig-uoneing-ydaq payoaloid jo yuawdojanag



1-day duration, climate region 4 (South-central
Florida)

.2
0 T T T T T T T T 1

Median change, in number of threshold exceedance events

“Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Month
EXPLANATION

—— CORDEX: 2020-59 (0.63)
---- CORDEX: 2050-89 (0.81)
—— LOCA: 2020-59 (0.21)
---- LOCA: 2050-89 (0.17)
—— MACA: 2020-59 (0.24)
---- MACA: 2050-89 (0.16)
—— NEX-GDDP: 2020-59 (0.43)
---- NEX-GDDP: 205089 (0.58)
—— LOCA2: 2020-29 (0.29)
---- LOCAZ2: 205089 (0.52)

Figure 13.—Continued
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Figure 14. Median change in the mean annual cycle of the monthly number of declustered threshold exceedance events from the historical period (1966—2005) to the two future
periods (2020-59 and 2050-89) for 3-day duration, as simulated in each downscaled climate dataset for the Florida climate regions in figure 2. Values in parentheses next to each
dataset represent the median change in the annual number of declustered threshold exceedance events from the historical period to the future period. CORDEX, Coordinated
Regional Downscaling Experiment; LOCA, Localized Constructed Analogs; LOCA2, Localized Constructed Analogs version 2; MACA, Multivariate Adaptive Constructed Analogs);
NEX-GDDP, National Aeronautics and Space Administration Earth Exchange Global Daily Downscaled Projections.
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3-day duration, climate region 4 (South-central
Florida)
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Figure 15. Median change in the mean annual cycle of the monthly number of declustered threshold exceedance events from the historical period (1966—2005) to the two future
periods (2020-59 and 2050-89) for 7-day duration, as simulated in each downscaled climate dataset for the Florida climate regions in figure 2. Values in parentheses next to each
dataset represent the median change in the annual number of declustered threshold exceedance events from the historical period to the future period. CORDEX, Coordinated

Regional Downscaling Experiment; LOCA, Localized Constructed Analogs; LOCA2, Localized Constructed Analogs version 2; MACA, Multivariate Adaptive Constructed Analogs);
NEX-GDDP, National Aeronautics and Space Administration Earth Exchange Global Daily Downscaled Projections.
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7-day duration, climate region 4 (South-central
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calculated with respect to the traditional maximum likelihood
(ML) model. It was found that more than 95 percent of grid
cells have AAIC values below 2 and 7, which according to
Burnham and Anderson (2002) and Burnham and others
(2011), respectively, indicates that there is substantial evidence
and support for the (simpler) CML model compared to the
traditional ML model. A relatively small percentage of cells

(< 0.2 percent) exceeds the AAIC threshold of 7 units.

The figure 16 bar graphs indicate the percentage of
model grid cells with p-values less than 0.05 for the lag-1
KACF and the MK trend test on excess values in the historical
(1966-2005) and future projection (2020-59 and 2050-89)
periods. The null hypothesis that precipitation-excess data
are not autocorrelated is measured by the KACF, whereas the
null hypothesis that it does not exhibit monotonic trends is
quantified by the MK test. The nominal rate line in figure 16
represents the expected percentage of rejections of the null
hypothesis when it is true, which is the significance level
or expected nominal value of 5 percent. Also shown in this
figure is the 95-percent prediction interval for the significance
level under multiple comparison testing and under the
assumptions that the data are uncorrelated and that the number
of false rejections of the null hypotheses follows a binomial
distribution, as in Serinaldi and Kilsby (2014). The percentage
of rejections of the null hypothesis of no autocorrelation and
no trend are close to the nominal value for most periods and
durations. The main exception is CORDEX for which the null
hypothesis is rejected more often than the nominal rate for MK
tests in the historical period and the future period 2050-89.
Another exception is MACA for which the null hypothesis
rejection rate is slightly larger than the nominal rate for the 3-
and 7-day MK tests in the historical period, and for the 1- and
3-day MK tests in the future period 2050-89. The 1- and 7-day
MK tests for LOCA in the future period 2050-89 also have
rejection rates slightly larger than the nominal rate. The 7-day
KACEF test for MACA and the 1- and 7-day KACF tests for the
NEX-GDDP in the historical period also indicate a rejection
rate slightly larger than expected. The maximum rejection rate
obtained for the MK tests is 7 percent, which is comparable
to the 7- to 8-percent rejection rates corresponding to the 98th
percentile-based threshold chosen by Serinaldi and Kilsby
(2014) in fitting the GP to rainfall observations for the period
1970-2011. On the basis of these results, we conclude that it
is acceptable to use a stationary approach in fitting the GP for
these two 40-year periods.

Figure 17 shows bar graphs indicating the percentage
of model grid cells for which the null hypothesis that the
historical (1966—2005) and the future projected (2020-59
and 2050-89) precipitation-excess data follow a GP
distribution is rejected at the 0.05 significance level for each
duration in each downscaled climate dataset. The p-values
are bootstrapped on the basis of the CML assumption, as
discussed in appendix 3 of Irizarry-Ortiz and others (2022).
Results are only shown for the model grid cells closest to the
242 NOAA Atlas 14 stations used in this study. The figure
shows a nominal rate of 5 percent and a 95-percent prediction
interval for the significance level. Overall, CORDEX tends to

perform worse for the 1-day duration compared to the other
datasets, especially in the future periods, with rejection rates
much higher than the nominal rate of 5 percent expected by
chance if all data follow a GP distribution. For the 1-day
duration, only MACA and NEX-GDDP in the historical
period consistently show rejection rates below or close to

5 percent across all GOF tests. LOCA tends to perform
worse than the other datasets for 3- and 7-day durations,

with higher rejection rates than the chosen nominal rate of

5 percent. Limited GOF testing based on the traditional ML
approach with bootstrapping indicates a similar percentage of
rejections, indicating that the performance deterioration when
using CML does not have a large influence on the high test
rejection rates for the GOF statistics and that, in fact, the raw
excess data do not always seem to follow a GP distribution.

Figures 18 and 19 show L-moment ratio diagrams for
precipitation excesses in the historical (1966-2005) and
future projection (2020-59 and 2050-89) periods for CMIP5
and CMIP6 downscaled climate datasets, respectively.
JupiterWRF is only included in the 1-day panel in figure 18
because 3- and 7-day durations were not evaluated for this
dataset. The empirical L-moment ratios for all datasets shown
in figure 18 tend to follow the GP line shown in the figure.
As the duration increases, the cloud of points shifts slightly
from the portion of the GP curve to the upper right of the
exponential (“EXP”) point, which corresponds to positive
shape parameters, to the portion of the GP curve to the lower
left of the exponential point, which corresponds to negative
shape parameters. This shift reflects a general decline in
shape parameters with increasing duration. In figure 18, some
LOCA points show lower L-skew and L-kurtosis, especially
for the 1-day duration, indicating a tendency for lower GP
shape parameters and lower extremes in all periods. There
is also a slight tendency for higher L-kurtosis in the future
projection periods than in the historical period, indicating
a tendency for higher GP shape parameters and higher
extremes in the future. A portion of the cloud of points to the
left of the exponential point tends to be located somewhat
below the GP curve.

The cloud of points for NEX-GDDP (fig. 19) is much
more compact around lower L-skew and L-kurtosis values
than for the other datasets, which implies lower shape
parameter values. This finding indicates that this dataset has
smaller extreme precipitation values than the other datasets
and, as will be shown, underestimates extreme precipitation.
The lower extreme precipitation in NEX-GDDP might be
the combined result of the use of GMFD for training and
bias correction and the BCSD downscaling method, which
is much simpler than analog-based methods used in LOCA
and MACA. For example, Avila-Diaz and others (2020)
found that GMFD substantially underestimates daily and
multiday extremes in Brazil compared to other datasets of
similar spatial resolution. The BCSD method combines the
observed historical daily spatial climatology of precipitation
with relative changes at each timestep simulated by a GCM.
Therefore, interannual variability in extremes mainly reflects
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that of the GCM as opposed to originating from analogue
historical days as in other methods, which may also limit the
variability in extremes.

Figures 18 and 19 also show more points farther to the
upper right of the GP curve in the future projection periods
compared to the historical period, reflecting an overall
tendency for larger shape parameters and larger extremes in
the future.

The bar charts in figure 20 show the percentage of
model grid cells for which a given probability distribution
is one of the five best fitting probability distributions
among the tested distributions according to the AIC, which
include all the available functions for positive real numbers
in the gamlss R package. The selection of the best fitting
probability distributions was performed using the fitDist
function in gamlss, which uses the AIC to balance GOF with
distribution parsimony. In this figure, the first four bars (EXP,
PARETO2, PARETO2o0, and GP) correspond to different
parameterizations of the GP and the exponential distribution,
which is the special case of the GP having a shape parameter
of zero. The bars for the remaining distributions are ordered
from higher to lower percentage. The GP is an adequate
distribution for most locations, durations, periods, and
datasets; however, various parameterizations of the Weibull
distribution are also among the best fitting distributions. The
GP with an exponent different from zero (that is, PARETO?2,
PARETO20, and GP in fig. 20) appears to be less adequate for
NEX-GDDP, whereas the GP with an exponent of zero (EXP
in fig. 20) and the various parameterizations of the Weibull
distribution appear to be more adequate. This reflects the
lower L-skew and L-kurtosis values for NEX-GDDP shown in
figure 19.

Using global precipitation data, Serinaldi and Kilsby
(2014) show that nonzero precipitation (that is, equivalent
to a POT approach with a threshold of zero) tends to follow
a Weibull distribution, and they reference studies showing
a progressive shift from GP to Weibull as the threshold is
decreased. This finding indicates it is possible that the selected
constant percentile-based threshold for each duration may be
too low at some locations (that is, the asymptotic conditions
for the GP are not being met), resulting in more rejections
of the null hypothesis of a GP distribution than the expected
nominal value of 5 percent (significance level). Figures 18
and 19 show, however, that the empirical L-moment ratios
are generally in better alignment with the GP curve than with
the Weibull curve. In fact, the deviation of the cloud of points
from the GP curve in the region below the exponential point
is away from the Weibull distribution rather than toward it.
Therefore, the GP distribution has more support than the
Weibull distribution. Although the generalized Gamma and
generalized Beta Type 2 distributions have more parameters,
they are not among the best fitting distributions according to
the AIC (fig. 20). In other words, the improvement in fit is not
sufficient to justify the higher number of parameters in these
distributions.

Results 43

Historical Bias and Spatial Pattern

The overall percentage difference of the model-derived
station-scale DDF depths for the entire historical period
available in the downscaled climate datasets (1950-2005)
were analyzed relative to the partial-duration series (PDS)-
based DDF depths from NOAA Atlas 14 volume 9 (Perica
and others, 2013). The percentage differences (fig. 21) are
calculated from the mean DDF depths at all 242 NOAA
Atlas 14 stations in Florida, except for JupiterWRF where
the difference is only based on the 171 stations in central and
south Florida included on its grid (fig. 3G). The DDF depths
from NOAA Atlas 14 volume 9 are based on statistical fits
to precipitation observations within the period 1840-2008,
depending on the station. Although different methods and
periods of record are used in DDF fitting for the downscaled
climate datasets compared to NOAA Atlas 14 volume 9, it is
still informative to evaluate their overall differences. From
figure 21, it is evident that the JupiterWRF dataset has the
lowest absolute difference from observed DDF depths for the
1-day duration, on the order of less than 10 percent, followed
by CORDEX-Daymet with median differences of about —12 to
—21 percent, and CORDEX-gridMET with median differences
of about —21 to —25 percent. LOCA and MACA-gridMET
perform poorer than most datasets for the 1-day duration, with
median differences in the range of —33 to —36 percent. The
poor daily performance for LOCA might be a result (at least in
part) of deficiencies in its training dataset (Livneh and others,
2015) mentioned earlier in this report. LOCA2, which uses
Livneh unsplit for training, has lower negative biases than
LOCA, especially for the 1-day duration (about —20 percent).
NEX-GDDP performs poorer than all the other datasets and
underestimates extremes, with median 1-day differences
ranging from —61 to —75 percent. This underestimation of
extremes is evident in the L-moment diagrams (figs. 18-19),
where NEX-GDDP has lower L-skew and L-kurtosis than the
other datasets.

Although the MACA-Livneh dataset uses the Livneh
and others (2013) dataset for training, it did not show
differences as large as those for LOCA, with differences
in the range of —26 to —28 percent for the 1-day duration
(fig. 21), indicating that the differences in LOCA may also be
due to the downscaling method used. Two different versions
of the Livneh dataset (Livneh and others, 2013, 2015) and
two different periods are used in bias correcting LOCA and
MACA, which may also explain some of the differences.
MACA-gridMET has median 1-day differences of about —33
to —35 percent, close to those of LOCA, but larger negative
differences than in MACA-Livneh. MACA-gridMET models
always show negative differences, whereas some MACA-
Livneh models show positive differences for the 7-day
duration.

Overall, the longer return periods show more negative
differences (with the exception of CORDEX and JupiterWRF
for the 1-day duration) and the differences are more variable
across models than for the shorter return periods (fig. 21).
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The negative differences generally decrease with increasing
duration for most datasets but remain quite large for NEX-
GDDP. For the 7-day duration, some MACA-Livneh,
LOCA2, and CORDEX-Daymet models even exhibit positive
differences. Overall, the range of negative differences
increases with increasing duration. Although CORDEX starts
with the smallest 1-day negative difference with respect to
observations, its percentage difference does not improve

with increasing duration quite as much as those for the other
datasets, indicating that the RCMs and (or) the bias-correction
scheme may be inadequate in simulating multiday extreme
events. Overall, the CORDEX-Daymet negative differences
are smaller than in CORDEX-gridMET by 4-9 percent,
depending on duration and return period.

The differences between extremes fitted to observations
and those derived from the downscaled climate datasets might
result from a combination of factors, some of which have been
mentioned previously. These factors include the following,
among others:

1. Biases in the observational datasets used in “training”
(analog construction and bias correction of downscaled
climate datasets).

2. The downscaling and bias-correction methods used.
(For example, subtle differences in how tail adjustments
are implemented in the different downscaled climate
datasets influence the downscaled extremes.)

3. The observational datasets used in training and
bias correction of downscaled climate datasets not
capturing extremes at specific NOAA Atlas 14 stations
(for example, because of the observational dataset
not including the stations used in NOAA Atlas 14 or
averaging or interpolating more than one station to
obtain a grid-cell mean).

4. Differing methods and periods of record for DDF
fitting used to derive the observational and downscaled
climate models.

5. Biases arising from the parent GCMs. For example,
the inability of CMIP5 GCMs to capture increases in
extreme precipitation from the latter part of the 20th
century to early 21st century has been observed by
Wuebbles and others (2014) and Asadieh and Krakauer
(2015) for the entire continental United States and
North America, respectively. Another example is that
because of the coarse spatial resolution, convection is
parameterized in GCMs instead of solving physical
equations of motion. Irizarry-Ortiz and others (2022)
discuss CMIP model limitations in terms of their ability
to capture the physical mechanisms resulting in extreme
precipitation in the State of Florida.

6. Natural variability in the rarest extremes, which results
in a lower signal-to-noise ratio, decreasing their
predictability especially when estimated from short, and
in this case different, periods of record.

7. Random differences in internal variability between the
observations and the bias-corrected downscaled climate
data that may be present even if data for the same
multidecadal periods were being compared (that is, even
after bias correction, observations and climate data may
represent different portions of multidecadal cycles).

The percentage difference was computed between
(1) station-scale precipitation depths obtained by fitting
the GP distribution with CML to precipitation depths from
the datasets used to bias-correct each downscaled climate
dataset and (2) the PDS-based DDF depths from NOAA
Atlas 14 for 1840-2008 (fig. 22). The periods of record and
native resolutions for each bias-correction dataset vary by
downscaled climate dataset, as described in each applicable
subsection of the “Downscaled Climate Datasets” section.
The precipitation data were obtained for the closest grid
cell to each of the 242 NOAA Atlas 14 stations at the native
resolution of each bias-correction dataset. The ARF values
corresponding to these resolutions are very close to 1 with the
exception of GMFD for which ARF values range from 0.89 to
0.98, depending on region and duration (fig. 6). Comparison
of figure 22 with the median percentage difference in
precipitation depths across models for each downscaled
climate dataset in figure 21 indicates similar magnitudes
and patterns of change with respect to changes in duration
and often with respect to changes in return period. These
similarities indicate that the overall percentage difference of
the model-derived station-scale DDF depths for the historical
period (1950-2005) compared to the PDS-based DDF depths
from NOAA Atlas 14 volume 9 is largely a result of the bias-
correction datasets not being able to capture the localized
station-based DDF depths from NOAA Atlas 14. Daily biases
were found to be the lowest for Livneh unsplit (used in
LOCA?2), followed by Daymet (used in CORDEX), which has
the highest resolution of the bias-correction datasets (1 km).
Despite daily biases being the lowest for Livneh unsplit,
Ensor and Robeson (2008) found that Livneh unsplit slightly
mutes extremes as a result of the gridding process. Ullrich
(2023) also found that Livneh unsplit and LOCAZ2 exhibit
larger values for most quantiles near the observing stations
used in their development, especially in the southeastern
United States. Therefore, extreme events at Livneh unsplit
grid cells where NOAA Atlas 14 stations are located but that
were not used in the interpolation to develop Livneh unsplit
are expected to underestimate the NOAA Atlas 14 extremes to
some degree.

The improvement of Livneh unsplit at capturing daily
extremes compared to the original Livneh datasets is also
evident in figure 22. The GMFD dataset used in developing
the NEX-GDDP downscaled climate dataset is by far the most
biased, especially for the 1-day duration. The large biases in
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GMFD are partially attributed to its much coarser resolution
compared to the other datasets. However, Avila-Diaz and
others (2020) found that GMFD substantially underestimates
climate indices related to extreme precipitation, such as
RX1day, RX5day, and R95p (table 3), in Brazil compared
to other datasets of similar spatial resolution, such as the
fifth European Centre for Medium Range Weather Forecasts
Reanalysis—ERADS (Hersbach and others, 2020). Irizarry-
Ortiz and others (2022) show that differences in the periods
of record and DDF-fitting methodologies only account for a
small portion of the bias in the model-derived station-scale
DDF depths compared to the PDS-based DDF depths from
NOAA Atlas 14 volume 9.

Model Culling

Initially, the best models were selected by evaluating the
MCI and MVI criteria from Srivastava and others (2020) over
the period 1981-2005 and considering all the precipitation
extremes indices listed in table 3. This process resulted
in a very small subset of best models. Given the desire to
include as many models as possible to inform the potential
range of change factors, a decision was made to only use
four precipitation extremes indices in selecting best models,
namely the annual maxima of precipitation for durations of
1, 3, 5, and 7 consecutive days. Irizarry-Ortiz and Haider
(2023) include tables listing the best models for each climate
region according to the MCI and MV1 when each downscaled
climate dataset (CORDEX, LOCA, MACA, LOCAZ2, and
NEX-GDDP) is evaluated on its own for the four precipitation
extremes indices chosen. Tables listing best models when all
the CMIP5 datasets are evaluated together are also included
in Irizarry-Ortiz and Haider (2023). In this case, the median
RMSE and IVSS are defined on the basis of all the models in
all the downscaled climate datasets. A model was considered
to be among the best if it had a negative MCI and a negative
MV1 when compared to either the PRISM or SFWMD “Super-
grid” observational datasets. Because of the small sample
size, all models were considered the best models for the
JupiterWRF dataset. As in Irizarry-Ortiz and others (2022),
few LOCA models were considered best when all CMIP5
downscaled climate datasets were evaluated together. The
CMIP6 datasets were not compared against each other because
only models from LOCA2 would have been considered best
on the basis of the poor performance of NEX-GDDP, as
discussed below.

The median RMSE of the climatology of extreme
precipitation indices across the different models in each
downscaled climate dataset evaluated against PRISM (fig. 23)
indicates that the CMIP6 NEX-GDDP performs poorer than
the remaining datasets for the great majority of the indices
(11-13 out of 15, depending on the climate region). Some
exceptions are cumulative dry days (CDD), annual total wet
day precipitation (PRCPTOT), simple daily intensity index
(SDII), and annual count of days with precipitation greater
than or equal to 1 mm (R1mm) for the northernmost climate

regions for which NEX-GDDP performs similar to the other
datasets. The poorer performance found for NEX-GDDP

is consistent with findings by Avila-Diaz and others (2020)
over Brazil where GMFD, the training and bias-correction
dataset used in NEX-GDDP, was found to substantially
underestimate extreme precipitation. The improvement from
LOCA to LOCAZ2 caused by the switch from the Livneh
and others (2015) to the Livneh unsplit (Pierce and others,
2021) dataset is also evident in figure 23. In general, the
climatological performance of the datasets worsens toward
the south for cumulative dry days (CDD), number of heavy
precipitation days (R10mm), and PRCPTOT as quantified
by the median RMSE. In contrast, the performance for the
SDII improves toward the south. The performance for the
maximum 1-day and multiday precipitation-depth indices
(RX1day, RX3day, RX5day, and RX7day), as well as for the
annual total precipitation from very wet and extremely wet
days in inches and percentage (R95p, R95pTOT, R99p, and
R99pTOT), is best for the north, north-central, and south-
central Florida climate regions. Figure 24 shows the median
IVSS across models in each downscaled climate dataset
evaluated against the PRISM observational dataset. The poorer
performance of NEX-GDDP in terms of IVSS is evident for
the RX1day, RX3day, RX5day, and RX7day indices and in
the southernmost climate regions, consistent with previous
findings of low interannual variability in extremes for this
dataset (fig. 19).

In this report, only results considering all models are
presented; however, the list of best models and results, such as
change factor quantiles at individual stations only considering
best models, are included in the data release associated with
this report (Irizarry-Ortiz and Haider, 2023).

Change Factors

Change factors for DDF precipitation depths for the
periods 2020-59 and 2050-89 with respect to the period
1966-2005 were computed for all model grid cells associated
with NOAA Atlas 14 stations in the State of Florida from all
CMIP5 and CMIP6 downscaled climate datasets evaluated
as part of this study. The change factor data are available in
the data release associated with this report (Irizarry-Ortiz
and Haider, 2023). Figures 25-26 show median change
factors for all climate regions shown in figure 2, considering
all models and all RCP and SSP scenarios, for the periods
centered on 2040 and 2070, respectively. In these figures,
the term *all datasets” refers to the median considering all
CMIP5 and CMIP6 datasets. Median change factors and their
range generally increase with increasing return period and
are similar across durations for all climate regions in the two
future periods. The increase in change factors with return
period is consistent with Lopez-Cantu and others (2020), who
found that at the continental scale, high-end daily extremes
generally increase more than low-end extremes, as determined
by evaluating various downscaled climate datasets for the
period 2044-99 with respect to 1951-2005. That is, the
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Figure 23. Median root-mean-square error (RMSE) of the climatology of extreme precipitation indices across models in each

downscaled climate dataset compared against those from the Parameter-elevation Regressions on Independent Slopes Model (PRISM)
for the period 1981-2005. Units for individual extreme precipitation indices are given in table 3.



50

oo —=
NoNON
- N W s osovioa

N
oo

o 2=
oo ;

e
N o
oS o

0.50

Interannual variability skill score

O—NWAUIO N A O ®OUIOUIOU ©

ocooo
N B O

ovoUIOU O=NWH Ul O |

o==NN

S 22N
ot o uo

O=NWHrTO=NWH

Development of Projected Depth-Duration-Frequency Curves for Precipitation in Florida, 2020-59 and 2050-89

Climate region 1

Climate region 2

Climate region 3

Climate region 4

Climate region 5

(Northwest Florida) (North Florida) (North-central Florida) (South-central Florida) (South Florida)

— e JE . ] Jo
n mllis :
- ] Je
_ _ o

B I 11 HiB 7] =
— —r — a1l 3
| | 3
HeolEEeN B Ssmes Llll_
— mir - 1
= ] o s
aoninss HoREnlE ﬁ Ials’
~ ar n I~ 12
- 1k . - 45
— — E]
o 5 e | e o [._“Ill_
B L JE JE JE I BE:
L . . . . . 1 e
- - - - - I ] g
- .__ - 0 0 e ___l__ = __é’
- dE dE dE dE I 18
— - .__ I | = o [mm -
— — I — o

3

=

= == == = = i 78
— JE JE _ — I Jd=
— —r - — 2
- 1 s N S
rappm——T—— O | 5]
: dE JE JE ] =
N a0 10 a0 n =2
: JE JE 1 I ] ';
_-_--li pup——— | e —— - = |~

EXPLANATION
Dataset
CORDEX (Daymet)

CORDEX (gridMET)

MACA (Livneh)

MACA (gridMET)
LOCA (Livneh)
NEX-GDDP (GMFD)
LOCAZ2 (Livneh unsplit)

Abbreviations
CORDEX  Coordinated Regional
Downscaling
Experiment

Localized Constructed
Analogs

Localized Constructed
Analogs version 2

MACA  Multivariate Adaptive

Constructed Analogs

NEX-GDDP National Aeronautics
and Space
Administration Earth
Exchange Global
Daily Downscaled
Projections

Figure 24. Median interannual variability skill score (IVSS) for extreme precipitation indices across models in each downscaled
climate dataset compared against those from the Parameter-elevation Regressions on Independent Slopes Model (PRISM) for the
period 1981-2005. Units for individual extreme precipitation indices are given in table 3.



largest historical precipitation events get larger under future
conditions. The exception is JupiterWRF for which 1-day
change factors do not vary much with return period. The IPCC
(2021b, p. 15) also states that “There will be an increasing
occurrence of some extreme events unprecedented in the
observational record with additional global warming, even at
1.5 °C of global warming. Projected percentage changes in
frequency are higher for rarer events (high confidence).”

Median change factors across all CMIP5 and CMIP6
datasets range between 1.04 and 1.18 for the period 2020-59
and between 1.05 and 1.23 for the period 2050-89, depending
on duration and return period. When considering all RCPs and
SSPs (figs. 25-26), median change factors from the LOCA,
LOCAZ2, and JupiterWRF datasets (1-day duration only) are
usually the lowest, followed by those from the NEX-GDDP,
CORDEX, and MACA datasets. One exception is the median
change factors from CORDEX being slightly larger than
those from MACA for the 5- and 10-year, 7-day event in
south Florida for the period 2050-89 (fig. 26). Overall, the
median change factors are found to increase from 2020-59
to 2050-89 with the exception of MACA in the south Florida
climate region where they decrease slightly in the latter
period, especially for the 7-day duration. It is possible that this
result is tied to the reduction in precipitation projected during
summer for most MACA models in this region in the latter
period (fig. 9). The median change factors also do not increase
much for LOCA from 2020-59 to 2050-89, especially in the
south Florida climate region. As a result of the lower median
change factors projected by LOCA for the two periods in the
south Florida climate region, this region has the largest range
of change factors, especially for the 1-day duration.

With the exception of the longer return periods for
the northwest Florida climate region, NEX-GDDP results
in somewhat higher median change factors than LOCAZ2,
especially in the north and south Florida climate regions for
both periods (figs. 25-26). LOCAZ2 generally results in very
similar though slightly higher change factors than LOCA in
the north-central, south-central, and south Florida climate
regions, and lower median change factors in the northwest
and north Florida climate regions compared to LOCA for the
period 2050-89 (fig. 26). The differences between LOCA
and LOCAZ2 median change factors are even smaller for the
earlier period 2020-59, with the exception of the north-central
Florida climate region where the differences are slightly larger
than in the latter period (fig. 25).

Median change factors were computed for all datasets,
climate regions, and models, but only considering RCP4.5
and RCP8.5 and SSP2-4.5 and SSP5-8.5, which correspond
to medium-low and high emission levels and are more
directly comparable (figs. 27-28). As mentioned previously,
although each RCP and its corresponding SSP attain about
the same radiative forcing in the year 2100, the emissions
pathways may differ. Comparison of figures 25 and 26 with
27 and 28 indicates slightly higher median change factors
when only the medium-low and high emissions scenarios are
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considered. Median change factors considering all CMIP5 and
CMIP6 datasets but only the medium-low and high emissions
scenarios range between 1.05 and 1.21 for the period 2020-59
and between 1.06 and 1.27 for the period 2050-89.

Figures 29 and 30 show the median change factors
by RCP/SSP for all datasets, climate regions, and models.
Notably, the number of ensemble members downscaled by
each dataset varies by RCP/SSP (table 2), which confounds
the comparison of change factors across RCP/SSP in some
datasets. A steep increase in median change factors with
increasing return period is evident for the MACA and
CORDEX datasets in the two periods. In the period 2020-59,
the median change factors are generally lower in RCP8.5
than in RCP4.5 for MACA and CORDEX (with the exception
of CORDEX in the south Florida climate region), whereas
the opposite is generally the case for the latter period,
2050-89 (fig. 30). For MACA, this is the case even for return
periods shorter than the 40-year period used in DDF fitting
(5-25 years), which indicates that the higher change factors
in RCP4.5 are not simply an artifact of extrapolation caused
by distribution fitting for longer return periods, but that they
are a feature of the bulk of the exceedance data used in DDF
fitting. For the period 2050-89, the median MACA change
factors in RCP8.5 are much higher than those of RCP4.5 in the
northwest Florida climate region. Median change factors for
RCP4.5 and RCP8.5 from CORDEX also deviate substantially
for the northwest and north-central Florida climate regions in
the latter period (fig. 30). CORDEX downscales 14 models
under RCP4.5 and 54 under RCP8.5 (table 2); therefore,
comparisons across RCPs are imbalanced for CORDEX.
When the same 14 models are compared across RCPs,
CORDEX generally has higher change factors under RCP8.5
than RCP4.5. LOCA has higher median change factors for
RCP8.5 than RCP4.5 in the latter period (fig. 30); however,
the differences between RCPs are smaller and RCP4.5 change
factors are often higher than RCP8.5 change factors in the
earlier period.

Median change factors from NEX-GDDP tend to stay
flat or even decline with return period for most durations and
SSPs in the northwest Florida climate region, especially in the
earlier period, and in the northwest, north, and south-central
Florida climate regions for the 1-day duration in the latter
period (fig. 30). This may be related to the GMFD training
and bias-correction dataset and the BCSD method used in
NEX-GDDP resulting in too little interannual variability in
extremes, with high historical extremes not well captured
(figs. 19 and 21), an issue that may be amplified in the future
projections. In the latter period, median change factors from
NEX-GDDP tend to be highest under SSP2-4.5 and lowest
under SSP3-7.0 in the north-central, south-central, and south
Florida climate regions, especially for the 7-day duration.

In the northwest and north Florida climate regions, median
change factors from NEX-GDDP for the latter period (fig. 30)
mostly increase or change little with increasing emissions
(SSP level); however, SSP3-7.0 has the highest change
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Figure 27. Median change factors across downscaled climate datasets for stations within each Florida climate region (fig. 2) considering all models and only representative
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Figure 28. Median change factors across downscaled climate datasets for stations within each Florida climate region (fig. 2) considering all models and only representative

concentration pathways RCP4.5 and RCP8.5, and shared socioeconomic pathways SSP2-4.5 and SSP5-8.5 for the period 2050-89. Coupled Model Intercomparison Project Phase
5 (CMIP5) datasets and Coupled Model Intercomparison Project Phase 6 (CMIP6) datasets shown in separate columns. JupiterWWRF output only available for 1-day duration and
for central and south Florida.
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Median change factors across downscaled climate datasets for stations within each Florida climate region (fig. 2) considering all models and split by representative
concentration pathway (RCP) and shared socioeconomic pathway (SSP) for the period 2020-59. Different RCP/SSP scenarios shown in separate columns.
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Figure 30. Median change factors across downscaled climate datasets for stations within each Florida climate region (fig. 2) considering all models and split by representative

concentration pathway (RCP) and shared socioeconomic pathway (SSP) for the period 2050-89. Different RCP/SSP scenarios shown in separate columns.
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factors for the 7-day duration in the northwest Florida climate
region. NEX-GDDP downscales a smaller number of models
and ensemble members under SSP3-7.0 (table 2); therefore,
comparisons across SSPs are imbalanced for NEX-GDDP;
however, the previously discussed variation in change factors
with SSP remains very similar when only the GCM and
ensemble member combinations with data available for all
four SSPs downscaled by NEX-GDDP are considered.

Median change factors from LOCAZ2 generally increase
with return period (figs. 29-30). In both periods, SSP3-7.0
generally has the lowest median change factors in LOCA2,
with the exception of the north-central Florida climate
region in the earlier period and the northwest Florida climate
region in the latter period. The differences between SSPs are
somewhat reduced when only the GCM and ensemble member
combinations available for all three SSPs downscaled by the
LOCAZ2 dataset are considered.

Figures 31-34 show maps of median change factors
for the 1-day, 100-year event from each CMIP5 and CMIP6
downscaled climate dataset in the two periods of interest.

In addition, maps of median change factors considering all
datasets available for each CMIP version are provided. For
CMIP6, maps are also provided that include only the SSP2-4.5
and SSP5-8.5 scenarios. The spatial patterns of median change
factors are quite different across the different datasets. MACA
clearly projects the highest change factors in both periods
(figs. 31 and 33). CORDEX projects areas of higher change
factors in southeast Florida, western south-central Florida,
north Florida, and portions of northwest Florida in the earlier
period. In the latter period, the highest median change factors
projected by CORDEX are in western central Florida. Isolated
stations in south Florida have median change factors less than
1in LOCA in both periods. In the latter period, LOCA projects
higher median change factors at some stations in north-central
and north Florida. JupiterWRF also projects change factors
smaller than 1 at isolated stations in south and central Florida.
When all CMIP5 datasets are considered together, the lowest
median change factors are generally concentrated in south-
central and south Florida.

NEX-GDDP projects the highest median change factors
in the urbanized areas of southeast Florida and near Lake
Okeechobee (figs. 32 and 34). As in LOCA, isolated south
Florida stations have median change factors less than 1 in
LOCAZ2, especially in the earlier period. In the latter period,
the highest median projected change factors are in central
Florida. When all CMIP6 datasets are considered, there is little
spatial variation in median change factors throughout the State
in the earlier period and some isolated stations with higher
values in central and south Florida in the latter period. These
patterns do not change substantially when only SSP2-4.5 and
SSP5-8.5 are considered.

For the entire continental United States, Lopez-Cantu
and others (2020) found that, despite being the least biased
overall compared to observed extremes, the MACA-gridMET
multimember mean change factors (for the period 2044-99
with respect to 1951-2005) are also considerably larger than

for the other datasets evaluated, which include Bias-Corrected
Constructed Analog (BCCA) version 2, LOCA, and CORDEX
without bias correction (called CORDEXnoBC hereafter).
They found that BCCA version 2 results in the lowest change
factors for the continental United States, followed by LOCA,
low-resolution CORDEXnoBC models, high-resolution
CORDEXnoBC models, and MACA-gridMET models.
Furthermore, Lopez-Cantu and others (2020) found that the
downscaled climate datasets somewhat preserve the pattern of
the change signal in the native GCM change factors; however,
the magnitude of the signal is reduced in BCCA version 2 and
increased in MACA-gridMET. For the southeastern United
States, using the CanESM2 GCM as an example, they found
for RCP4.5 that LOCA and low-resolution CORDEXnoBC
models tend to preserve the GCM change signal the best,
whereas MACA-gridMET amplifies the change signal,
especially for longer return periods, consistent with our
findings. High-resolution CORDEXnoBC models were

found to amplify the change signal more evenly across return
periods. Their findings were similar for RCP8.5, but they
found that LOCA tends to mute the change signal, whereas

its amplification in MACA-gridMET and the high-resolution
CORDEXnoBC models is slightly lower than in RCP4.5.

As in Irizarry-Ortiz and others (2022), isolated outlier
change factors as high as 8-10 are estimated for individual
stations, especially by MACA. When these very high change
factors are multiplied by NOAA Atlas 14 DDF curves, the
resulting future projected DDF values can be as high as
100 in. or more over 3- to 7-day durations and return periods
beyond 100 years. These values exceed the record high
precipitation accumulations recorded around the globe in the
last decade, as discussed in Irizarry-Ortiz and others (2022).
Some recent examples of extreme precipitation events in or
near Florida include Hurricane Irma in 2017 with rainfall
totals of 10-15 in. across the peninsula and a maximum of
21.7 in. within St. Lucie County (NOAA, 2017). Hurricane
Dorian in 2019 produced storm-total rainfall of 22.8 in. at
a location in the Bahamas (NOAA, 2020a). Hurricane Eta
brought more than 14 in. of rainfall to south Florida, with
a localized total of 20.7 in. for November 2020 (NOAA,
2020b). Hurricane lan produced rainfall totals of 10-20 in.
over central and eastern Florida in September 2022, causing
major flooding that in some areas took months to recede.

The highest rainfall associated with Hurricane lan was about
27 in. within Grove City, Florida (NOAA, 2022b). A rapid-
attribution modeling study by Reed and Wehner (2023)

found that 3-day accumulated rainfall from Hurricane lan
was 18 percent higher because of climate change, which is
much higher than would be expected because of the Clausius-
Clapeyron relation. Close to 26 in. of rainfall was recorded
over 24 hours at the Fort Lauderdale-Hollywood International
Airport on April 13, 2023, with the majority of the rainfall
occurring over a 6- to 12-hour period (Florida Climate Center,
2023) and causing significant flooding. The April 2023 event
was associated with a warm front moving north into south
Florida and was classified as a 12-hour, 1,000-year event
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Median 1-day, 100-year change factors at National Oceanic and Atmospheric Administration Atlas 14 station locations
across Coupled Model Intercomparison Project Phase 5 (CMIP5) downscaled climate datasets considering all models and available

representative concentration pathways (RCPs) for the period 2020-59. The panel labeled “CMIP5 all” considers all models from
all CMIP5 downscaled climate datasets and RCPs. The boundaries of the five climate regions shown in figure 2 are included for
reference. Calculated median change factors from Irizarry-Ortiz and Haider (2023).

59



60

30°

29°

28°

27°

26°

24°

30°

29°

28°

27°

26°

25°

2°

30°

29°

28°

27°

26°

25°

2°

Development of Projected Depth-Duration-Frequency Curves for Precipitation in Florida, 2020-59 and 205089

CMIP6 NEX-GDDP
88° 87° 86° 85° 84° 83° 82°

81° 80°

[©)
%
%,
%
e
3

CMIP6 all
88° 87° 86° 85° 84° 83° 82°

<
o‘—\y
6';)
)
~y

CMIP6 LOCA2 (SSP2-4.5 and SSP5-8.5 only)
88°  87°  86°  8° 8 83 82°

(o)
%
kS
%
a)
3

kA
%
s}
3
z
! !
81> 80°
T T
R4\
%
s}
3
z
! !
81°  80°
T T
2}
%
k)
%
z

Base modified from U.S. Census Bureau Tiger database,
Florida County Boundaries, 1:100,000,1990

Geographic coordinate system

World Geodetic System 1984 datum

31° =

30°

29°

28°

27°

26°

25°

24°

30°

29°

28°

27°

26°

25°

24°

31°

30°

29°

28°

27°

26°

25°

24°

CMIP6 LOCA2
88° 87° 86° 85° 84° 83° 82° 81° 80°
T T T T T T T T ]
2
L %
°
3
- 5
(o)
%
L 047 .
%
z-
L R4 i
| | | | | | | | |
CMIP6 NEX-GDDP (SSP2-4.5 and SSP5-8.5 only)
88° 87° 86° 85° 84° 83° 82° 81° 80°
[T T T T T T T T ]
k-
L % _
°
3
z
(o)
%
- Qoy -
%
(e
- R4 -
1 1 1 1 1 1 1 1 1
CMIP6 all (SSP2-4.5 and SSP5-8.5 only)
88° 87° 86° 85° 84° 83° 82° 81° 80°
T T T T T T T T ]
R4
- T -
El
Q
L @
Z
&)
%
- [oX |
P
%
(e
- v -
| | | | | | | | |
0 50 100 MILES Climate regions from

0 50 100 KILOMETERS

Irizarry-Ortiz and Haider
(2023)

EXPLANATION
Median change factor
18
1.7
16
15
1.4
13
1.2
11
1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

[1 Climate region

Abbreviations
Coupled Model
Intercomparison
Project Phase 6

CMIP6

NEX-GDDP  National Aeronautics
and Space
Administration Earth
Exchange Global
Daily Downscaled
Projections

LOCA2  Localized Constructed

Analogs version 2

SSP Shared socioeconomic
pathway

Figure 32. Median 1-day, 100-year change factors at National Oceanic and Atmospheric Administration Atlas 14 station locations
across Coupled Model Intercomparison Project Phase 6 (CMIP6) downscaled climate datasets considering all models and all
available shared socioeconomic pathways (SSPs) (unless otherwise indicated) for the period 2020-59. The panel labeled “CMIP6 all”
considers all models from all CMIP6 downscaled climate datasets and SSPs. The panels including “(SSP2-4.5 and SSP5-8.5 only)”
only consider those scenarios. The boundaries of the five climate regions shown in figure 2 are included for reference. Calculated

median change factors from Irizarry-Ortiz and Haider (2023).
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Figure 33. Median 1-day, 100-year change factors at National Oceanic and Atmospheric Administration Atlas 14 station locations
across Coupled Model Intercomparison Project Phase 5 (CMIP5) downscaled climate datasets considering all models and available
representative concentration pathways (RCPs) for the period 2050-89. The panel labeled “CMIP5 all” considers all models from

all CMIP5 downscaled climate datasets and RCPs. The boundaries of the five climate regions shown in figure 2 are included for
reference. Calculated median change factors from Irizarry-Ortiz and Haider (2023).
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according to NOAA (2023). Over 20 in. of rainfall was
recorded over a 72-hour period on June 11-13, 2024, in south
Florida with some locations receiving over 27 in. of rainfall
(Florida Climate Center, 2024). Areas in southwestern and
southeastern Florida received the most rainfall, and hourly and
daily rainfall records were broken during the event. A shift
toward more frequent extremes, especially for rarer events,
was documented in the IPCC’s fifth assessment report (Collins
and others, 2013) and further validated in a contributed section
of their sixth assessment report (IPCC, 2021b). Attribution
studies have determined that climate change has increased the
likelihood and (or) intensity of these historical events. (See
Reed and others [2020] for Hurricane Dorian, and Reed and
Wehner [2023] for Hurricane lan.)

Evidence of record-breaking precipitation extremes and
their links to climate change, as referenced above, has been
accumulating over the last few decades; however, given that
the very high change factors computed here were generated
by statistical downscaling or bias-corrected dynamical
downscaling, the confidence in them is not as high as it would
be if they had been generated by a purely physically based
model. In addition, the highest change factors are associated
with very long return periods, which are much longer than the
number of years of data used in DDF fitting and are highly
uncertain. High shape parameters of the GP distribution
were fit especially for MACA because of isolated very large
1-day and multiday extremes, as discussed in Irizarry-Ortiz
and others (2022). The quasi-stationary approach used in
this study, whereby DDF curves are fit for a limited future
40-year projection period using local data, may also contribute
in that it is possible that these very extreme precipitation
events only happen once in a much longer period than the
40 years analyzed. These events, however, appear to be
much more common in MACA than in the other downscaled
climate datasets and may be, at least in part, a result of the
downscaling method.

Wootten (2018) shows how subtle decisions performed in
the process of statistical downscaling, such as tail adjustment,
trace adjustment, and interpolation, can affect the accuracy
of the prediction and increase the uncertainty in future
projections, especially for extremes and event occurrence.
Wang and others (2020) found that MACA projects significant
increases in the 20-year daily event in New England compared
to LOCA for which the projected changes are inconclusive
over most of the area. In LOCA, model consensus is lacking
over most of the region, but where models agree, the projected
changes have a smaller magnitude than in MACA. Their
finding is generally consistent with this study’s findings for
Florida. Wang and others (2020) note that projected changes in
the mean annual maximum daily event are quite close between
MACA-Livneh and MACA-gridMET but differ significantly
between LOCA and MACA-Livneh. As a result, they conclude
that differences in the projected changes are primarily caused
by differences in the downscaling method, rather than by
differences in the observational data used in training; however,
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LOCA and MACA used two different versions of the Livneh
dataset for bias correction, which somewhat complicates the
comparison.

The factors identified as potentially contributing to biases
in DDF curves for the historical period, in addition to other
factors such as scenario uncertainty and natural variability,
contribute to the total uncertainty in derived change factors, as
discussed in Irizarry-Ortiz and others (2022). Because of the
large uncertainties in the derived change factors and associated
future DDF curves, methods for decision making under deep
uncertainty could be used to increase flexibility in the planning
process. These methods are documented by Marchau and
others (2019) and include decision scaling, robust decision
making, and dynamic adaptive policy pathways, among
others. Flexibility in the phasing and design of various flood
control adaptation measures could reduce long-term costs
while considering the evolution in climate science as well as
local and global changes in climate and sea-level rise with
consideration for potential tipping points. Research gaps
and recommendations have also been outlined by Florida
International University’s Sea Level Solutions Center (Florida
International University, 2021).

Summary and Conclusions

Overall, a large variation in change factors was found
across downscaled climate datasets, with change factors
generally greater than 1 and generally increasing with return
period. In general, median change factors were found to
range within 1.01-1.58 for the period 2020-59 and 1.01-1.63
for 2050-89, depending on downscaled climate dataset,
region, duration, and return period, indicating a projected
overall increase in future extreme precipitation events. When
data from all downscaled climate datasets are considered
together, median change factors range within 1.04-1.18
for the period 2020-59 and within 1.04-1.23 for the period
2050-89, depending on region, duration, and return period.
Spatial patterns in median change factors were found to vary
by dataset.

The wide range of change factors computed in this study
represent a set of plausible changes in extreme precipitation
in the State of Florida. Given the wide range of change
factors computed, users are encouraged to make application-
specific judgments when deciding whether to use individual
change factors or their central tendency for their projects.

It is important to consider the many sources of uncertainty
and that change factors obtained by statistical downscaling
of general circulation model (GCM) output may not respect
the physics of the precipitation-generating processes. For
example, in statistical downscaling, precipitation amounts
are neither limited by the amount of precipitable water in
the atmosphere nor the presence or absence of moisture
convergence. Statistical downscaling does not account for
storm stalling from high-pressure system blocking or storm
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dynamics, including the potential for storm reinvigoration
from additional latent heat release caused by warming and
increasing atmospheric moisture, as well as enhanced cold-
pool dynamics. Although the raw Coordinated Regional
Downscaling Experiment (CORDEX) data (prior to bias
correction) are generated by physically based dynamic
downscaling of GCM output using regional climate models,
some CORDEX models are not able to capture the annual
cycle of precipitation in Florida, with some models either
being completely out of phase or not able to capture the cycle
amplitude. The bias-correction algorithm used by CORDEX
generally fixes the seasonality problem, but the links to the
physics are broken, also reducing confidence in the bias-
corrected CORDEX output. This limits the use of some
techniques for validating change factors, such as comparing
whether they match or exceed expectations based on the
Clausius-Clapeyron relationship, which requires local air-
temperature projections that are physically consistent and
concurrent and collocated with the extreme precipitation.
The National Aeronautics and Space Administration
Earth Exchange Global Daily Downscaled Projections (NEX-
GDDP) Coupled Model Intercomparison Project Phase 6
downscaled dataset followed by the Localized Constructed
Analogs (LOCA) dataset perform the poorest in terms of being
able to reproduce historical precipitation extremes indices. The
NEX-GDDP, LOCA, and LOCA version 2 (LOCAZ2) datasets
generally predict the lowest change factors. Conversely,
the Multivariate Adaptive Constructed Analogs (MACA)
dataset tends to better capture the historical precipitation
extremes indices but results in the highest change factors,
with median values of as much as ~1.6 for the 500-year
return period in both future periods of interest. NEX-GDDP
yields similar median change factors as the LOCAZ2 dataset,
despite limitations with NEX-GDDP in terms of the training
and bias-correction dataset and methods used, resulting in
weak performance in terms of historical precipitation indices.
The extremely high change factors obtained from MACA
might be a result of the way the MACA procedure is known
to amplify the change signal in the native GCMs. This issue
is exacerbated by the extrapolation of high quantiles in the
upper tail of the fitted probability distribution. Therefore,
historical model and downscaled dataset performance may
not be indicative of the quality of future projections and
model culling may not be appropriate, especially when
future extreme precipitation projections are developed using
statistical methods and (or) bias correction of dynamically
downscaled data without full consideration of physics.
The extremely high change factors estimated from MACA
occur at isolated stations instead of larger regions; therefore,
confidence in their magnitude is low. Large differences exist
between depth-duration-frequency (DDF) values derived
from observations and DDF values derived from downscaled
model precipitation for the historical period compared to the
magnitude of the change from historical to future projection
periods. Therefore, caution is advised when using these

estimates because differences with respect to observations
may be amplified in a nonmultiplicative manner in future
projections.

The spatial patterns of median change factors are also
quite different across the different downscaled climate
datasets, which reduces confidence. Median change factors
across climate regions and (or) datasets may be more reliable
than values at individual stations from individual models or
individual datasets. Because of the large uncertainties in the
derived change factors and associated future DDF curves,
users may decide to rely on the ensemble median of change
factors. A benefit-risk analysis may help clarify a suitable
range of change factors. Outliers at individual stations could
be identified by comparison with change factors at other
nearby locations and across models. It is well known that
return levels and change factors for the longest return periods
(100, 200, and 500 years) are the most uncertain and spatially
variable. Confidence in a return level decreases rapidly when
the return period is more than about twice the length of the
original dataset. Even with the peaks-over-threshold approach
used as part of this study, which increases the sample size
used in fitting, change factors for the 100- to 500-year events
remain highly uncertain and the most spatially variable.
According to the World Meteorological Organization (2009),
confidence in a return level decreases rapidly when the return
period is more than about two times the period of record
of the original dataset. The use of median change factors is
recommended for these rarer events. For return periods above
100 years, an extension or adjustment of the percent change
for lower return periods to higher return periods may need
to be considered, as suggested by the National Oceanic and
Atmospheric Administration (NOAA).

Code written in R language is provided as part of the
data release associated with this report. The code allows users
to be able to generate boxplots of change factors by station,
for all stations in a hydrologic unit code 8 (HUC-8) basin, or
by county in the State of Florida. The user has flexibility in
defining the percentiles associated with the box and whiskers,
including change factors based on all models or only the
best models, and including data from one or more emissions
scenarios. NOAA Atlas 14 stations in the Florida Keys are
inactive in most of the downscaled model grids. As a result,
data from the closest mainland grid cells to these four stations
were often used in developing DDF curves at these four
locations. Therefore, change factors developed for these four
locations are highly uncertain and caution is advised.

When applying change factors to the historical NOAA
Atlas 14 DDF curves to derive future precipitation DDF
curves for the entire range of durations and return periods
evaluated as part of this study, there is a possibility that the
resulting future DDF curves may have fitted precipitation
depths that decrease, rather than increase, for longer durations.
Depending on the change factors used, this may happen in as
much as 6 percent of cases. In such cases, the higher of the
future precipitation depths derived for the duration of interest
and the previous shorter duration may be a more conservative



choice. Because of the large uncertainties in the derived
change factors and associated future DDF curves, methods
for decision making under deep uncertainty could be used to
increase the flexibility in the planning process.

A high-resolution (1-kilometer) nonhydrostatic
(convection-resolving) regional climate model is currently
(as of 2026) being used for the State of Florida by the
USGS to compute estimates of daily evapotranspiration.
Such a convection-permitting model can better capture local
microclimatic conditions including sea- and lake-breeze
interactions, land use changes, and so forth, and could
reduce some of the uncertainties associated with the existing
coarse-resolution dynamically downscaled data products and
especially with the statistical-downscaling methods. Higher-
resolution convection-permitting models have been shown to
improve the representation of extreme precipitation, especially
on subdaily timescales and for summer high-intensity
precipitation events compared to coarser-scale regional
models with parameterized convection, such as those used by
CORDEX, which tend to produce rainfall that is too light and
widespread. In addition, the simulation of tropical cyclones
has been shown to be improved when using convection-
permitting models.
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