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Abstract Precipitation accumulations, integrated over precipitation events in hourly data, are examined
from 1979 to 2013 over the contiguous United States during the warm season (May–October). As expected
from theory, accumulation distributions have a characteristic shape, with an approximate power law
decrease with event size followed by an exponential drop at a characteristic cutoﬀ scale sL for each location.
This cutoﬀ is a predictor of the highest accumulation percentiles and of a similarly deﬁned daily
precipitation cutoﬀ PL . Comparing 1997–2013 and 1979–1995 periods, there are signiﬁcant regional
increases in sL in several regions. This yields distribution changes that are weighted disproportionately
toward extreme accumulations. In the Northeast, for example, risk ratio (conditioned on occurrence)
for accumulations larger than 109 mm increases by a factor of 2–4 (5th–95th). These changes in risk
ratio as a function of size, and connection to underlying theory, have counterparts in the observed daily
precipitation trends.
Plain Language Summary

Extreme accumulations of rainfall over a precipitation event can
damage infrastructure, impact transportation, and be hazardous to human lives. For each region, there is a
characteristic accumulation size that controls the probability of the most extreme accumulations. We show
that this characteristic size has increased in several U.S. regions over recent decades. This implies an increase
in the probability of extreme accumulations, which is expected to further intensify under future global
warming.

1. Introduction
Increases in various extreme precipitation statistics have been documented over the United States during the
twentieth century (Barbero et al., 2017; Easterling et al., 2017; Giorgi et al., 2011; Groisman et al., 2001, 2012;
Karl & Knight, 1998; Karl et al., 2009; Kunkel et al., 1999; Kunkel, 2003; Melillo et al., 2014; Peterson et al., 2008),
with increases projected to continue during the 21st century (Houghton et al., 2001; Janssen et al., 2016;
Kunkel, Karl, Easterling, et al., 2013; Prein et al., 2017; Solomon et al., 2007; Stocker et al., 2013). During the
warm season, changes in the 20-year return value of the daily precipitation totals over 1948–2015 generally
show increases across most of the United States, with the largest increases during Fall (Easterling et al., 2017).
Regionally, changes have been smaller in the western part of the country, and larger in the eastern part, especially in the Northeast (Balling & Goodrich, 2011; Huang et al., 2017). Leading order changes in extremes are
understood to follow from increases in moisture associated to increases in temperature (Allen & Ingram, 2002;
Fischer & Knutti, 2016; Pall et al., 2007; Singh & O’Gorman, 2014), which in the United States have steadily risen
since the 1970s (Vose et al., 2017), especially during the warm season (Gleason et al., 2008). Up to this date,
most studies have focused on changes in extremes in precipitation temporal averages, usually daily precipitation (Alexander et al., 2006; Easterling et al., 2017; Groisman et al., 2004; Pryor et al., 2009). In this study we
expand upon the existing literature by focusing on changes in accumulation distributions.
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Precipitation accumulations, the amount of precipitation integrated over the course of a storm event, is a
variable of interest both physically and societally. Physically, in terms of the column water vapor budget, it
represents the amount of water lost during the course of a storm event. Societal implications occur because
extreme accumulation values are associated with ﬂooding and associated hazards. Observations (DeLuca &
Corral, 2014; Peters et al., 2001, 2010), theoretical modeling (Stechmann & Neelin, 2011, 2014, hereafter SN14;
Neelin et al., 2017, hereafter NSSB17), and general circulation models (NSSB17) have established the general
features of accumulation probability density functions (PDFs), which can be seen for a typical accumulation
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Figure 1. Augusta, Maine (a) accumulation and (b) daily precipitation PDFs. The circles represent the 50th and the error
bars the 5th–95th percentiles based on 1,000 bootstrap (with replacement) realizations (Efron & Tibshirani, 1994). The
solid lines represent ﬁts given by equations (2) and (3) in the accumulation (a), and daily precipitation cases (b),
respectively. The vertical line indicates the location of sL or PL . Panels (c) and (d) show tests for the exponential part of
accumulation and daily precipitation distributions, and (e, f ) for the power law part of accumulation and daily
precipitation distributions.

distribution in Figure 1a (calculated using data from the Augusta (Maine) station, in the northeast part of the
country). For accumulations larger than minimum instrumental resolution, small accumulations occur relatively more frequently, with probability slowly decaying approximately as a power law as event size increases,
until encountering a characteristic cutoﬀ scale sL where probability drops much faster. Despite diﬀerences in
location, the power law exponent (𝜏 ) appears to be relatively unaﬀected by local climate conditions (DeLuca
& Corral, 2014; Peters et al., 2010), while the cutoﬀ scale is a strong function of local climate (Peters et al.,
2010). As is visually apparent in Figure 1c, the cutoﬀ scale is important, as it controls the size of the largest
accumulations at a given location.
Theory for accumulations (SN14; NSSB17) has established the dependence of the cutoﬀ scale sL on physical
processes, speciﬁcally on the variability of moisture converging to/diverging from a precipitating column. Due
to an increase in moisture availability, this cutoﬀ scale is expected to increase under global warming (NSSB17).
This is demonstrated in NSSB17, which compare present day with end of the 21st century accumulations using
the Community Earth System Model. They found an almost exponential increase in the probability for the
largest accumulations in many regions of the world, including several regions experiencing extreme events
of size unprecedented in the current climate. This increase occurs in association to an increase in the cutoﬀ
scale for these regions.
An attractive feature of accumulation distributions is that they depend entirely on the precipitating regime
dynamics—that is, the physical processes controlling wet spells—which does not hold true for daily precipitation, or other temporally averaged precipitation statistics, which inevitably include nonprecipitating regime
eﬀects. Given that there is theory connecting accumulation extremes to the size of moisture ﬂuctuations,
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it is of interest to explore whether there is a relationship between accumulation and daily precipitation
distribution parameters. For this reason, we repeat most of the analysis also for daily precipitation.
In this study we characterize the climatology and recent changes of accumulation distributions over the contiguous United States. We focus on changes in the cutoﬀ scale instead of percentiles, because it is a physically
motivated quantity whose estimators are more reliable and less sensitive to left-censored data than percentiles (see Text S1 in the supporting information). While emphasizing that it is not our intention to do an
attribution of the changes, recent changes in probability distribution are evaluated for whether the form of the
changes is consistent with a change in cutoﬀ scale, as noted in model predictions for potential global warming
eﬀects. This paper is restricted to the U.S. warm season (May–October) to avoid issues related to measurement of liquid versus solid precipitation (Goodison et al., 1998; Groisman & Legates, 1994; Groisman et al.,
1996; Rasmussen et al., 2012) in presence of changes in this partition (Déry & Brown, 2007; Kluver & Leathers,
2015; Kunkel et al., 2016; O’Gorman, 2014). Compared to other observational studies on accumulations (not
necessarily based on the United States, Peters et al., 2001, 2010; DeLuca & Corral, 2014), this represents a considerable increase in both the temporal (on the order of decades) and spatial (covering the whole United
States) scales involved.

2. Data and Methods
To calculate accumulations and daily precipitation, we use hourly precipitation data obtained from 1,276
stations (Figures 2a and 2b) that are part of the National Oceanic and Atmospheric Administration-National
Centers for Environmental Information Climate Data Online system, covering the years 1979–2013 during
May–October (the publicly available record ends in 2013). Details on the data set and criteria for data inclusion/exclusion are given in Text S2. The precipitation accumulation s, over the course of an event starting at
time ti and ending at tf is given by
tf

s=

∫ti

(1)

R(t)dt,

where R(t) is the precipitation intensity at time t. We calculate accumulations using a discretized version of
the above equation. For each station consecutive nonzero hourly intensities are summed and constitute
the accumulation s for a particular event. Daily (midnight to midnight) precipitation totals P are calculated
from the same data set. When looking at changes in both accumulation and daily precipitation distributions,
individual station time series are aggregated into seven diﬀerent U.S. climate regions, as used in the Fourth
National Climate Assessment (Wuebbles et al., 2017): Southwest, Northwest, Southern Plains, Northern
Plains, Midwest, Southeast. and Northeast (Figure 3a). To test sensitivity against station proximity, we also
carried a procedure where stations are aggregated in a 0.5∘ by 0.5∘ grid (Text S3), with similar results.

3. Accumulation and Daily Precipitation Distributions and Cutoﬀ Scales
Previous observational studies (DeLuca & Corral, 2014; Peters et al., 2010) have established accumulations
distributions (ps ) to be well approximated by
ps ∝ s−𝜏 exp(−s∕sL )

s > smin ,

(2)

with 𝜏 being the power law exponent, sL an exponential cutoﬀ scale, smin a small accumulation value for which
the aforementioned PDF form is valid. Similarly, daily precipitation PDFs (pP ) have often been ﬁtted using
Gamma distributions (Cho et al., 2004; Groisman et al., 1999; Ison et al., 1971; Katz, 1977; Richardson, 1981;
Wilks, 1995):
pP ∝ P−𝜏P exp(−P∕PL ), 𝜏P < 1.
(3)
We note the similarity in the formulas for both distributions, with the main diﬀerence being in the power law
exponents: for accumulations, typically 𝜏 > 1, which indicates a steeper decay in the power law range. This is
illustrated in Figures 1e and 1f where the diﬀerence in power law exponents is visually apparent. Note that the
scale parameter PL in the Gamma distribution can also be interpreted as a cutoﬀ scale. Cutoﬀ values sL and
PL represent the size where the exponential part of the respective distributions decay to 1∕e of their maxima
(Figures 1b and 1d). Although the shapes of the distributions look similar, it is important to make an important
MARTINEZ-VILLALOBOS AND NEELIN
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Figure 2. a (b) Individual stations sM (PM ) climatology 1979–2013 (equation (4). (c) Scatter of sM and accumulation 99th
percentile s99 station values. (d) Scatter of sM and PM station values.

distinction between (2) and (3). The accumulation PDF basic shape (2) can be derived from ﬁrst principles—by
making use of the column moisture equation (SN14)—and as such it can be used to relate the accumulation
PDFs with precipitation processes, whereas (3) is only an empirical ﬁt.
For simplicity, we use moment ratios sM and PM as estimators of the cutoﬀs sL (Peters et al., 2010; SN14; see
also Muschinski and Katz, 2013) and PL for most of the rest of the paper. These moments ratio are deﬁned as
sM =

< s2 >
< P2 >
, PM =
.
< s>
< P>

(4)

This choice has the advantage of being independent on ﬁtting assumptions. Note that both accumulation (2)
and daily precipitation (3) PDFs are calculated only for nonzero totals. An approximately logarithmic scheme,
which closely follows Quinn and Neelin (2017), is used to calculate PDFs.

4. Results
4.1. Accumulation and Daily Precipitation Cutoﬀ Scales Climatology
Figure 2a shows the sM climatology over the United States for the 1979–2013 period. We observe that sM is
a strong function of local climate, with geographical variations conforming to expectations—that is, larger
values over wetter regions and smaller values over dryer regions for this season. We note relatively large values
for the coastal Paciﬁc regions, associated mainly with precipitation in late Spring/early Fall. The cutoﬀ scale sL ,
or its proxy sM , is related to the highest accumulation percentiles. This can be seen in Figure 2c, which shows
the scatter of sM with the accumulation 99th percentile s99 at each station (r = 0.98). Similar relations exist
with the 95th and 99.9th percentiles. The spatial variability of PM (Figure 2b) shows an important degree of
correspondence to sM spatial variability. The scatter of the sM and PM station values (Figure 2d) conﬁrms this
relation (r = 0.98).
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Figure 3. (a) Climate regions used in this study. These regions are the same as deﬁned in Wuebbles et al. (2017). Each
region is color coded by the median sM percentage change between 1979–1995 and 1997–2013. (b) Accumulation and
daily precipitation moments ratios (sM and PM ) percentage change between 1979–1995 and 1997–2013 for the regions
deﬁned in (a). The circles represent the 50th and the error bars the 5th-95th percentiles based on 1,000 bootstrap (with
replacement) realizations.

4.2. Increases in Cutoﬀ Scales Comparing 1997–2013 With 1979–1995
Figure 3b shows the percentage change in sM and PM when comparing the 1997–2013 period to the baseline 1979–1995 period. Signiﬁcant increases are found in the Northeast, Southeast, Southwest, Midwest,
Northern Plains, no signiﬁcant change is found in the Southern Plains, and actually a signiﬁcant decrease in
sM is found in the Northwest. Changes in daily precipitation and accumulation cutoﬀ scales are consistent
between each other, but with changes in PM being generally smaller in amplitude. Of note is the behavior of
sM and PM changes in the Southwest where the increase in PM (∼ +5%) is much smaller than the increase in
sM (∼ +10%), and in the Northwest where sM has had a signiﬁcant decrease of ∼ −7%, whereas PM has not
changed signiﬁcantly between these two periods. We note that results for PM are largely consistent with previously reported trends (Easterling et al., 2017; Groisman et al., 2001; Karl & Knight, 1998; Kunkel, 2003; Peterson

Figure 4. Accumulation (a) and daily precipitation (b) PDFs calculated over the 1979–1995 (blue) and 1997–2013 (red)
periods for the three regions with biggest sM increases in Figure 3b (× 104 Northeast and × 102 Southeast PDFs). Only
bins with 10 or more counts are displayed. The circles represent the 50th and the error bars the 5th–95th percentiles
based on 1,000 bootstrap (with replacement) realizations. A reference line As−𝜏 exp(−s∕sL ) (or BP−𝜏P exp(−P∕PL )) is
superimposed over 1979–1995 accumulations (daily precipitation) observed PDF, and a rescaled version of it with
increased sL (PL ) is superimposed over the 1997–2013 observed PDFs. The rescaled values are given by the median sM
or PM increases over these regions (Figure 3b). The reference lines run up to the largest accumulation or daily
precipitation in each period. See Figure S7 in the supporting information for a version with a linear y axis.
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Figure 5. Accumulation (a, c, and e) and daily precipitation (b, d, and f ) conditional risk ratios (5) for the three regions
with largest sM increases (Figure 3). Note that due to the risk ratio being an integrated quantity, the number of bins
displayed is one less compared to Figure 4 1979–1995 distributions (which contains fewer extreme events). Conﬁdence
intervals are assessed from 1,000 bootstrap realizations, as in the previous ﬁgures. Each panel shows an example of a
high-impact meteorological event (x ), as well as a moderately impactful but more frequent event (o) for context (see
Text S6 for more details). Note that because the dataset covers only up to 2013, recent high-impact events (e.g., van der
Wiel et al., 2017; van Oldenborgh et al., 2017) are not included.

et al., 2008) in other daily extreme precipitation statistics during the last decades, that is, a larger fraction of
extreme events in recent periods (with diﬀerences discussed in Text S4). Because accumulations result purely
from the precipitating regime, they can naturally be broken into eﬀects of event duration and mean intensity.
Although extreme hourly intensities exhibit modest increases, these are not associated with changes in the
largest accumulations. Rather, regions exhibiting substantial changes in probability of large accumulations
are explained primarily by changes in the average duration of those events (cf. Dwyer & O’Gorman 2017; see
Text S5 for details).
To examine the shape of the change in the PDF associated with changes in moment ratio, we plot the accumulation and daily precipitation distributions in both periods for the three regions with the largest increases
(Figure 3) in Figure 4. We note that we do not have enough data to properly represent the largest few events
(bins with <10 counts) in some regions, so to give a sense of the associated probabilities, we include a ﬁt that
runs up to the largest event in each period (Text S6 and Table S1). Comparing both periods, relative changes
in both accumulation and daily precipitation distributions are larger in the tails. That is, there is a larger fraction of extreme events in the latter period compared to the former. These increases in extreme accumulations
fraction are associated with an increase in cutoﬀ scale sL in agreement with theory (NSSB17). Rescaling the
1979–1995 distributions by the median increase in sM (Figure 3b) provides a good representation of the distributions in the latter period, although it tends to underestimate the increases in the largest events. Figure 4b
shows that a similar rescaling of the distribution (Pendergrass & Hartmann, 2014) occurs for daily precipitation.
While keeping in mind that decadal variability eﬀects (Deser et al., 2012; Hoerling et al., 2016; Huang et al.,
2018) may be present in these results for 17-year intervals, the changes in the shape of the probability distribution for the largest accumulations are in line with changes in the cutoﬀ scale noted for simulations of future
MARTINEZ-VILLALOBOS AND NEELIN
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changes in the distribution (NSSB17) and may potentially have dramatic impacts on the associated large event
risks (Otto et al., 2012; NSSB17) if trends were to continue. One way to illustrate this is by the calculation of
conditional (conditioned on event occurrence) risk ratios, deﬁned as
∞

rs (̂s) =

∫ŝ pIIs′ ds′
∞

∫ŝ pIs′ ds′

.

(5)

This corresponds to the ratio of the probability of accumulations larger than ŝ between periods II (1997–2013)
and I (1979–1995). For accumulations, conditional risk ratios depend solely on changes in the precipitating
regime dynamics, and thus they give information about changes related to precipitating processes. Accumulations, and similarly deﬁned daily precipitation risk ratios are shown in Figure 5 for the same three regions
shown in Figure 4. For small accumulations this ratio is close to 1, but increases roughly exponentially as
accumulation size increases for these regions (see also NSSB17, Figure 2). For example, the risk ratio for accumulations larger than the upper bin (upper bin edge 109 mm) shows an increase by a factor of 2–4 (5th–95th)
in the latter period compared to the former in the Northeast. Smaller, but signiﬁcant increases occur for the
Southeast, Southwest, Northern Plains, and Midwest regions (Figure S8). Similar risk ratios are calculated for
daily precipitation (see also Figure S9). We note that the form of this accumulation, or daily precipitation, risk
ratio is consistent with an increase in the cutoﬀ scale for distributions of the form (2) and (3).
The number of events depends strongly on the dynamics governing dry spells (Lau et al., 2013; Rajah et al.,
2014, SN14). In several of the regions here, the number of events decrease in period II relative to I, for example,
by approximately 13% in the Northeast (only taking into account stations with full record). A contributing
factor to this may be the decrease of summertime extra tropical activity in North America since 1979 (Chang et
al., 2016). Despite the decrease in the total number of events, the number of extreme events increase in most
regions, with an increase of ∼80% of accumulations larger than 68 mm in 1997–2013 compared to 1979–1995
in the Northeast. We note the daily averages typically span both precipitating and nonprecipitating times,
and thus tend to combine these opposing tendencies. The precipitating regime apparently dominates the
observed changes, such that the change in the daily distribution tends to follow that of the accumulation
distribution although with a less clear signal (Figure 3b, also compare Figures S8 and S9).

5. Summary and Discussion
Precipitation accumulation distributions from hourly precipitation data for the U.S. warm season are found
to conform to the theoretically expected shape, with a power law range followed by an exponential cutoﬀ
for large accumulations. This cutoﬀ sL marks the typical accumulation size where the probability of occurrence drops sharply, hence limiting the probability of the most extreme events. Accumulation cutoﬀ scales
are strong functions of local climate, with larger values in generally wetter regions during this season. We
show this cutoﬀ scale to be related to the highest accumulation percentiles, as well as being a predictor to a
similarly deﬁned daily precipitation cutoﬀ scale. The relationship between cutoﬀ scales is relevant,because it
allows theory for changes in accumulation distributions under global warming (with sL scaling with moisture,
see NSSB17) to be approximately translated to daily averaged intensities as well.
Comparing 1979–1995 and 1997–2013, spatially aggregated data show increases in both daily precipitation and accumulation cutoﬀ scales in most regions, with the biggest increases occurring in the Northeast.
Changes in daily precipitation cutoﬀ scale follow changes in accumulation cutoﬀ, although they are somewhat
smaller in magnitude. Associated changes in the accumulation and daily precipitation distributions show that
small event probabilities do not change signiﬁcantly between periods and that increases in cutoﬀ scales are
associated with an increase in the probability of extremes, in agreement with Kunkel, Karl, Brooks, et al. (2013).
This increase results in large, roughly exponential, increases in conditional risk ratio, for both accumulations
and daily precipitation, as size increase in ﬁve out of seven regions, especially in the eastern part of the country. For example, a conditional risk ratio increase of a factor of 3 is found in the Northeast for accumulations
larger than 109 mm. We note that the relation between sL and PL justiﬁes the use of empirical statistical models based on the scale parameter (our PL ) of Gamma distributions to explain disproportionate increases in
heavy precipitation (e.g., Groisman et al., 1999; Wilby & Wigley, 2002).
Theory for accumulations predicts changes of the distribution, speciﬁcally sL scaling with column water
vapor increases. While underlining the caveat that this is not an attribution study, the conditional risk ratio
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increases shown in Figure 5 have a form consistent with those projected under global warming (NSSB17).
The conditional risk ratio increases of high-impact meteorological events (Figure 5), as well as of less impactful
but more frequent events such as summer thunderstorm systems (Figure 5) thus typify changes that may be
anticipated (Allen & Ingram, 2002; NSSB17; O’Gorman, 2015; Pfahl et al., 2017; Schneider et al., 2010; Tebaldi
et al., 2006; Trenberth et al., 2003) as moisture availability increases in a warming world.
Societal infrastructure is adapted to local historical precipitation and accumulation distributions. As suggested by the rescaling in Figure 4, both accumulation and daily precipitation cutoﬀ scales (or moment ratios)
are useful quantities that provide information on leading order changes in the associated distributions; hence,
they may provide practical guidance for adaptation eﬀorts. Here we see increases in large accumulations,
even while the total number of events decreases, consistent with more extensive dry spells (e.g., Giorgi et al.,
2011). The daily averaged intensities tend to combine opposing eﬀects from the precipitating and nonprecipitating regimes. The changes in the distribution of accumulations are thus useful in providing a measure of
the changes occurring purely in the precipitating regime.
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