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Abstract Evidence for intensifying rainfall extremes has not translated into “actionable” information
needed by engineers and risk analysts, who are often concerned with very rare events such as “100-year
storms.” Low signal-to-noise associated with such events makes trend detection nearly impossible using
conventional methods. We use a regional aggregation approach to boost this signal-to-noise, showing that
such storms have increased in frequency over much of the conterminous United States since 1950, a period
characterized by widespread hydrologic infrastructure development. Most of these increases can be
attributed to secular climate change rather than climate variability, and we demonstrate potentially serious
implications for the reliability of existing and planned hydrologic infrastructure and analyses. Though
trends in rainfall extremes have not yet translated into observable increases in flood risks, these results
nonetheless point to the need for prompt updating of hydrologic design standards, taking into consideration
recent changes in extreme rainfall properties.

Plain Language Summary Numerous studies have shown that heavy rainfall in the United
States and elsewhere is becoming more common and more severe in a warming climate. These studies
have not shown, however, how the most extreme rainfall events are changing, since these storms are so rare
that they are difficult to assess using conventional techniques, which generally focus on changes at
individual geographic locations. We instead use a simple aggregation technique to “pool” multiple
observations within a region. This “pooling” allows us to show that rainfall events that exceed common
engineering design criteria, including 100-year storms, have increased in frequency in most parts of the
United States since 1950—a period of widespread infrastructure construction. We show that in most
locations, these increases are likely due to climate warming. We also show that much of the existing and
planned hydrologic infrastructure in the United States based on published rainfall design standards is and
will continue to underperform its intended reliability due to these rainfall changes.

1. Introduction

Statistical distributions of extreme rainfall, referred to as intensity-duration-frequency (IDF) relationships or
“curves,” have long been used in hydrologic infrastructure design and floodplain mapping. Such
applications often consider impacts that would result from, for example, the “100-year storm,” a
hypothetical rainfall depth or intensity said to have a “100-year annual recurrence interval (ARI),”
corresponding to a 1% annual exceedance probability. IDF relationships corresponding to short rainfall
durations are often used to characterize flood responses in the small watersheds that are most sensitive to
short-lived storms; longer-duration IDFs are used for the design of larger infrastructure such as reservoirs.
Commonly used IDF standards in the United States and elsewhere do not account for potential rainfall
nonstationarity (i.e., change over time; Milly et al., 2008), while many existing hydrologic structures and
studies are based on IDF standards developed using data records ending in the 1960s. Thus, if the properties
of extreme rainfall have changed in recent decades, these IDF standards and the hydrologic designs based
upon them may be unreliable now or in the future.

The number and magnitude of extreme rainfall events are indeed increasing in many parts of the United
States and worldwide (e.g., Feng et al., 2016; Guilbert et al., 2015; Kunkel et al., 1999; Kunkel et al., 2012;
Powell & Keim, 2014), likely attributable to increases in atmospheric water vapor associated with
anthropogenic warming. Climate models project continued trends into the foreseeable future (Easterling
et al., 2017; Field et al., 2012). There has been a failure, however, to translate evidence for rainfall
nonstationarity into “actionable” (i.e., specific quantitative) information for hydrologic design and
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analysis. Indeed, common definitions of “extreme” used in most trend studies correspond to smaller and
more frequent events than the 10- to 500-year ARIs that are of interest in many hydrologic applications
(Bonnin, Maitaria, & Yekta, 2011; Hodgkins et al., 2017; Seneviratne et al., 2012). A chief reason for this fail-
ure is that assessing quantitative changes in very rare events is extremely difficult compared with more fre-
quent storms: consider a rain gage with a century-long observational record—in a stationary climate, one
100-year exceedance is expected on average. (The probability of exactly one exceedance in 100 years is
approximately 0.370 via the binomial distribution; the probabilities of zero, two, and three such exceedances
are 0.366, 0.185, and 0.061, respectively.) Even for records with several exceedances, the low signal-to-noise
makes it impossible to identify a clear trend. Thus, even though several statistical methods exist that can gen-
erate nonstationary IDF estimates (e.g., Cheng & AghaKouchak, 2014; Gilleland & Katz, 2016), the statistical
uncertainties for long ARI events such as the 100-year storm are very large (Serinaldi & Kilsby, 2015), which
likely explains why such methods have yet to be widely adopted in practice.

In this study, we use a regional aggregation approach to boost the signal-to-noise ratio to detect trends in the
frequency of rainfall totals exceeding commonly used IDF standards. We also examine potential causes for
such trends, and, unlike previous studies, we explore potential implications for the reliability of hydrologic
infrastructure and analyses.

2. Data and Methods
2.1. IDF Estimates

Under the Atlas 14 project (Bonnin et al., 2006), the National Oceanic and Atmospheric Administration
(NOAA) has produced stationary IDF estimates (means and 90% confidence intervals [CIs]) for a range of
ARIs (up to 1,000 years) and durations for most of the conterminous United States (CONUS). The Atlas
14 methodology utilizes regionalized L-moments (Bonnin et al., 2006, Bonnin, Martin, et al., 2011;
Hosking & Wallis, 2005; Perica et al., 2014, 2013b, 2013a), which use extreme rainfall observations from
within a “homogeneous region” (i.e., an area within which rainfall extremes are relatively homogeneous)
to generate IDF estimates at individual locations. Once a homogeneous region is identified, a statistical dis-
tribution is chosen that adequately fits the observations of rainfall extremes in this region. Distributions con-
sidered in Atlas 14 include the Generalized Logistic, Generalized Extreme Value, Generalized Normal,
Generalized Pareto, and Pearson Type III. Multiple goodness-of-fit measures, including Monte Carlo simu-
lation, “real data checks,” and L-moment errors, are used for distribution selection.

The earliest Atlas 14 estimates appeared for the Ohio River basin and surrounding areas in 2004 (Bonnin
et al., 2006). Estimates have yet to be produced for Washington, Oregon, Idaho, Montana, and Wyoming,
which are thus omitted from our study. Lopez-Cantu and Samaras (2018) provide a detailed timeline of
Atlas 14 up to late 2017 (estimates for Texas were published in 2018; Perica et al., 2018). Atlas 14 is currently
the most reliable and widely used source of IDF estimates in the United States. Technical Paper 40 (TP40;
Hershfield, 1961) was the predecessor to Atlas 14, though with more limited durations and ARIs. We use
the same digitized versions of TP40 presented in Lopez-Cantu and Samaras (2018) to examine our trend ana-
lysis approach in the context of these successive generations of design standards.

2.2. Rainfall Observations

We use daily precipitation observations over CONUS from the Global Historical Climatology Network
(GHCN) compiled by NOAA (Menne et al., 2012). We concentrate mainly on changes in rainfall extremes
from 1950 to 2017, though we consider two additional periods, as described below. While longer periods
are generally preferable for assessing nonstationarity, 1950-2017 corresponds to a period of widespread
urbanization and associated expansion of hydrologic infrastructure and the emergence of the National
Flood Insurance Program (NFIP) and thus is a logical focus for a study that concentrates on
infrastructure-relevant trends.

To ensure interannual homogeneity in our trend analyses, we select GHCN stations with records that are
mostly complete (five or fewer missing years of data over the study period; a year is considered “missing”
if more than 60 daily precipitation observations are lacking). We aggregate these data to longer durations
using a “running sum” approach such that nonoverlapping t-day totals are identified. The approach can
identify multiple extremes per year while preventing “double counting” of individual storms.
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Figure 1. (a) Daily rainfall; 10-, 100-, and 1,000-year intensity-duration-frequency estimates; and exceedances for the one
Global Historical Climatology Network station. The probability of the observed number of exceedances is also given, based
on the binomial distribution. (b) All Global Historical Climatology Network station locations and total number of 100-
year, 24-hr exceedances over the 1950-2017 period. The numbers of gages (out of a total of 911) experiencing given
numbers of exceedances is also shown. (c) One-hundred-year, 24-hr, rainfall exceedance counts over all stations shown in
(b), and the associated negative binomial regression model. CONUS = conterminous United States.

2.3. Exceedance Counts and Statistical Analyses

We identify instances when GHCN observations exceed IDF estimates (Figures 1a and 1b) for each ARI
(1-1,000 years) and duration (24 hr to 7 days). Atlas 14 publishes IDF estimates for 24 and 48 hr, rather than
the “calendar” 1- and 2-day durations provided by the GHCN records; the former can be larger than the lat-
ter because a rainstorm may straddle two or more calendar days. We use adjustments from Atlas 14 to infer
24-hr rainfalls from daily records; that is, we divide 24-hr IDF estimates by 1.13- and 48-hr estimates by 1.04
prior to identifying exceedances. Though these adjustments are simplifications of the true relationships
between extreme precipitation and calendar-day rainfall totals, consistency with Atlas 14 is preferable in this
study due to our emphasis on the adequacy of “conventional” IDF estimates. Trends and statistical
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significance in sections 3.1 and 3.2 are estimated using negative binomial regression (Hilbe, 2011), which is
useful when counts are highly overdispersed (Figure 1c).

2.4. Rainstorm Cluster Identification

A single rainstorm may produce extreme rainfall at more than one location and duration. This can lead to
spatial correlation in occurrence counts at a single duration, and potentially to correlation in counts across
multiple durations. These correlations may potentially influence the validity of trend tests and potentially
complicate inferences regarding the role of climate variability in such trends. We are not aware of statistical
methods to account for these effects. An alternative is to identify “clusters” of exceedances that can be rea-
sonably assumed to have been caused by a single storm and conduct analyses on the numbers of clusters,
rather than on the numbers of stations that experience exceedances. We identify clusters of 10- and 100-year
exceedances using a recursive algorithm:

1. Ten-year exceedances for all durations over a region for a given year are identified. If two or more excee-
dances of different durations at the same station are concurrent, the longest duration is used for subse-
quent cluster identification.

2. A 10-year exceedance is selected as the basis for a cluster. All other 10-year exceedances that occurred
within 500 km and 1 day of this exceedance are included within the cluster. Then, all remaining 10-
year exceedances are reexamined to see if they fall within this 500 km, 1-day range. Once an exceedance
has been grouped into a cluster, it cannot be included in another cluster, so that “double counting” is
avoided.

3. Each cluster of 10-year exceedances is screened to see if it includes any 100-year exceedances, thus creat-
ing two sets of clusters: one based on 10-year exceedances and a subset based on 100-year exceedances.
Varying the separation distance from 250-750 km had modest influence on the numbers of 10-year clus-
ters identified but minimal impact on the estimated trend magnitudes and had virtually no impact on the
numbers of 100-year clusters (results omitted).

These sets are used as the basis for analyses in section 3.2. Negative binomial regression (section 2.3) is used
to assess trends in annual number of clusters and to examine links between these cluster counts and indica-
tors of climate variability. We considered indices of Northern Hemisphere temperature anomalies, multi-
variate El Nifio index (Wolter & Timlin, 2011), detrended Atlantic Multidecadal Oscillation (Kerr, 2000),
and Pacific Decadal Oscillation (PDO; Newman et al., 2016) obtained from NOAA. Trend analyses based
on annual counts of clusters can be indicative of changes in the frequency of major rainstorms, since each
cluster represents one such storm. This is in contrast with results based on exceedance counts, which, due
to spatial correlation effects, conflate storm frequency with storm spatial extent.

2.5. Design Versus Observed ARIs

We also examine how our results can inform the reliability of existing IDF estimates. We distinguish
between “design ARI,” which is fixed, and a time-varying “observed ARI.” Design ARI refers to a selected
standard, such as the 100-year, 24-hr storm, and will often be prescribed by regulations, such as storm water
design standards or the NFIP. Observed ARI is obtained by dividing the total number of observed excee-
dances of the design ARI by the total number of GHCN gages for that year. Design ARI will often be pre-
scribed by regulations, such as storm water design standards or the NFIP.

In a stationary climate with no IDF estimation error, the long-term average observed ARI should be equal to
the design ARI, while time-varying differences suggest temporal nonstationarity. Such systematic differ-
ences are highlighted in section 3.3 using a simple moving average smoother (Akaike, 1998). Unlike the
aforementioned negative binomial regression, the simple moving average smoother is insensitive to starting
date but does not provide a statistical significance level.

3. Results
3.1. Trends in Rainfall Exceedances
Regression results for exceedances of the 24-hr, 100-year rainfall over CONUS suggest that such storms are

becoming significantly more frequent since 1950 (Figure 1c). We divide these into two subsets: stations west
and east of 100° west longitude (100°W), long-considered a geographic division between the arid Western
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Figure 2. (a) Observed changes (inset values) and regression p values (colors) in frequency of exceedances from 1950 to 2017 for Global Historical Climatology
Network stations west of 100°W. (b) Same as (a), but for stations east of 100°W. A change of +100% corresponds to a doubling in frequency. (c) Observed
changes (inset values) and regression p values (colors) for the National Oceanic and Atmospheric Administration climate regions for 10-year, 24-hr exceedances. (d)
Same as (c), but for 100-year, 24-hr exceedances.

and humid Eastern United States (e.g., Seager et al., 2017). Figures 2a and 2b show statistically significant
increases in eastern CONUS, with greater increases at longer ARIs. The frequency of 2-year, 24-hr
exceedances, for example, has increased by +51% (p < 107), but by +301% (p = 0.012) for 500-year, 24-hr
exceedances. While this pattern generally holds in the west, trends are smaller in magnitude: +20%
(p = 0.15) and +264% (p = 0.104) for 2-year, 24-hr and 500-year, 24-hr exceedances, respectively. These geo-
graphic differences are broadly consistent with other studies (e.g., Bonnin, Martin, et al., 2011; Groisman
et al., 2001). We also reproduce these analyses for 1930-2017 and 1970-2017 (Figure S1 in the supporting
information). While the specific results change when a different starting period is used, the general finding
is consistent—increasing frequency of exceedances east of 100°W, with smaller and less significant changes
farther west.

We repeat these analyses for eight of the NOAA climate regions (e.g., Groisman et al., 2005) to further
illustrate regional differences (Figures 2c and 2d; see Figures S2 and S3 for extended results and map of
climate regions). Regions in eastern CONUS show significant increases in 10-year, 24-hr exceedances;
western regions do not. Frequencies of 100-year, 24-hr exceedances has increased even more but are only
significant at the 5% level in the Central and West North Central regions, likely due in part to limited
sample sizes.
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Figure 3. (a) Rainstorm exceedance “clusters” for 1955. Stations with 10-year exceedances of any rainfall duration in 1955 are shown in open circles; 100-year
exceedances are colored according to cluster. Landfalling tropical cyclone tracks are also shown. (b) As in (a), but for 2011. (c) Trends in number of 10- and
100-year clusters west of 100°W from 1950 to 2017. (d) As in (c), but for clusters east of 100°W.

3.2. Trends in Rainstorm “Clusters”

Ten-year and 100-year exceedance clusters show considerable interannual variability. For example, 1955
exhibited clusters throughout CONUS, including a cluster resulting from successive hurricanes Connie
and Diane (Figure 3a). Year 2011 featured no 100-year clusters in the west but was among the most “active”
years in eastern CONUS, including a large cluster associated with Hurricane Irene (Figure 3b). Since 1950,
clusters of 100-year exceedances have increased in frequency more than 10-year clusters, with larger and
more significant increases in the east (Figures 3c and 3d). This implies that the upward trends in IDF quan-
tile exceedances shown in section 3.1 are likely driven primarily by increased frequency of major storms,
though characteristics such as changing storm size or speed cannot be discounted based on our analysis.

We performed regressions on cluster counts for each climate region, using calendar year-averaged Northern
Hemisphere temperature anomalies as well as multivariate El Nifio index, Atlantic Multidecadal Oscillation,

Table 1
P values for Negative Binomial Regression Models of 10-Year (100-Year) Cluster Counts
Time Northern Hemisphere temperature anomalies ENSO (MEI) AMO PDO

Northeast Region 0.012 (<10'4) 0.035 (0.003) 0.043 (0.463) 0.329 (0.553) 0.121 (0.111)
Southeast Region 0.057 (0.033) 0.173 (0.122) 0.698 (0.903) 0.983 (0.758) 0.897 (0.081)
East North Central Region 0.005 (0.110) 0.008 (0.072) 0.100 (0.896) 0.853 (0.529) 0.375 (0.521)
Central Region 0.002 (0.010) 0.039 (0.020) 0.070 (0.839) 0.399 (0.898) 0.128 (0.540)
South Region 0.023 (0.201) 0.054 (0.336) 0.484 (0.240) 0.854 (0.840) 0.994 (0.424)
West North Central Region 0.044 (0.132) 0.008 (0.168) 0.999 (0.641) 0.113 (0.620) 0.223 (0.672)
Southwest Region 0.105 (0.182) 0.068 (0.068) 0.065 (0.431) 0.599 (0.164) 0.004 (0.220)
West Region 0.039 (0.300) 0.073 (0.216) 0.243 (0.962) 0.825 (0.712) 0.020 (0.765)

Note. ENSO = El Nifio-Southern Oscillation; MEI = Multivariate ENSO Index; AMO = Atlantic Multidecadal Oscillation; PDO = Pacific Decadal Oscillation.
Values significant at the 5% level are bolded.
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Figure 4. (a) Smoothed time series of 100-year, 24-hr observed annual recurrence interval (ARIs; and their reciprocal,
observed exceedance probability) for two National Oceanic and Atmospheric Administration climate regions (see inset
map) estimated using the Atlas 14 mean, Atlas 14 confidence interval upper bound, and TP40. (b—d) both inset text

and colors show observed ARIs for 2017 for Atlas 14 mean, TP40, and Atlas 14 upper bound, respectively, based on
smoothed time series for eight National Oceanic and Atmospheric Administration climate regions. A distinct color scale is
used for (d).

and PDO indices as predictors. Statistical significance based upon temperature anomalies was generally akin
to those using time for 10-year clusters; results for 100-year clusters exhibited greater variability due to smal-
ler sample sizes (Table 1). PDO was a stronger predictor of 10-year clusters in the Southwest and West than
time or temperature, which elsewhere provided higher predictive power than the climate variability indices.
These results imply that except in the west and southwestern of the country, secular warming, rather than
variability, is the likely driver of observed increases in the frequency of major storms.
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3.3. Design Versus Observed ARIs

In section 2.5, we distinguish between design and observed ARI. The former refers to a design standard. A
hydrologic structure, for example, may be designed to withstand the flood expected from a 100-year, 24-hr
rainfall. The observed ARI in a given year could be different—say 50 (200) years—indicating a doubling
(halving) of the likelihood that the structure's design capacity will be exceeded.

The east north central (ENC) and Southwest (SW) climate regions show time-dependent changes in
observed ARI of 100-year, 24-hr exceedances estimated based on the Atlas 14 mean and upper bound of
the 90% CI, as well on TP40 (Figure 4a). In ENC, observed ARI first dropped below the Atlas 14 mean
100-year estimate (i.e., the design ARI) around 2005, reaching 83 years in 2017. Observed ARI in the SW
remained relatively close to the design ARI until about 1980; the 2017 estimate is 76 years. This implies that
hydrologic infrastructure in both regions in 2017 designed using the 100-year, 24-hr mean estimate from
Atlas 14 would underperform its design standard. Results based on TP40 shows different patterns: in
ENC, observed ARI is well below 100 years, decreasing from about 60 years in 1950 to 40 years in 2017. In
SW, observed ARI is roughly constant around 150 years. Results based on the upper bound of the Atlas 14
CI also show regional differences: roughly constant around 600 years in ENC; more varied in SW.

We computed 2017 observed ARIs for eight NOAA climate regions using the mean of Atlas 14, as well as
TP40 for 100-year, 24-hr rainfall exceedances (Figures 4b and 4c). In 2017, in all regions except West
(Southwest), observed ARIs are below 100 years relative to the Atlas 14 mean (TP40) IDF estimates
(Figures 4b and 4c). In five regions, observed ARIs based on TP40 are lower than those based on the Atlas
14 mean. We extend this analysis to other durations and recurrence intervals for these eight climate regions
for the Atlas 14 mean (Figures S4 and S5) and TP40 (Figure S6). Twenty-four-hour observed ARIs show some
of the largest disparities compared with design ARI, which is important since this duration is widely used for
infrastructure design. These results suggest that much of hydrologic infrastructure designed using either IDF
standard substantially underperforms intended design targets in 2017.

We also use show 2017 observed ARIs for eight NOAA climate regions using the 90% CI upper bound of
Atlas 14 100-year, 24-hr IDF estimates (Figure 4d). These observed ARIs are all above the design ARI, though
barely (104-year observed ARI) in the case of the Northeastern region. This suggests that using the upper
bound of Atlas 14 for design purposes would, at least for 2017 climate conditions, likely ensure compliance
with intended design standards.

4. Discussion and Conclusions

We have shown that rainfalls exceeding commonly used IDF design standards are becoming more frequent
over much of CONUS since 1950, particularly in the eastern half of the country. This time period coincides
with widespread investment in hydrologic infrastructure and floodplain mapping, the reliability of which is
called into question due to these rainfall changes. We show that secular climate warming, rather than cli-
mate variability, likely explains these increases in most parts of CONUS. We also estimate how the reliabil-
ity—expressed as a time-varying “observed ARI”—of hydrologic infrastructure or analyses compares with
the nominal design ARIs that are used in hydrologic practice. This comparison points to widespread defi-
ciency in much of the existing hydrologic infrastructure and analyses that are based on current and historical
IDF standards throughout most of CONUS. This situation will continue to worsen in the future if rainfall
extremes intensify further, as is predicted by climate projections.

Our findings differ from those of Bonnin, Martin, et al. (2011), who examined trends in Atlas 14 exceedances
in the Southwest and Ohio River basin for 1908-2007. They also showed large changes in exceedances for
ARIs less than 25 years, but minimal changes for rarer events. Several methodological differences may
explain this discrepancy. They used the Mann-Kendall test (Mann, 1945), which Hodgkins et al. (2017)
emphasized is not appropriate given the large numbers of “ties” (oftentimes zeros) that are prevalent in time
series of extreme exceedances. The GHCN station network used here is also likely much more extensive than
the (unmentioned) number of gages considered in their study.

Our regional aggregation is not without drawbacks. Lopez-Cantu and Samaras (2018) showed that there are
substantial differences between IDF estimates from Atlas 14 and TP40 even at the county level. This implies
that our regional-scale trend estimates and observed ARIs may not reflect the reality at finer spatial scales.
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On the other hand, our approach to estimate observed ARI can inform hydrologic infrastructure reliability
assessment techniques that require time-varying exceedance probabilities (e.g., Salas & Obeysekera, 2014).
Our study does not consider subdaily precipitation, which is of great importance to infrastructure, particu-
larly in urban areas. Our results at the 24-hr time scale are still relevant to design approaches for such infra-
structure, many of which involve disaggregation of 24-hr rainfall totals to finer timescales. Nonetheless,
deeper physical understanding of subdaily extremes needed, as both theory (e.g., Trenberth, 2011) and obser-
vational and modeling evidence (e.g. Lenderink & van Meijgaard, 2008) suggest that such storms should be
more sensitive to climate warming than longer duration events (see Westra et al., 2014).

Despite overwhelming evidence pointing to intensifying rainfall extremes, such changes have not generally
translated to clear increases in flood hazard (e.g., Hodgkins et al., 2017). One explanation could be counter-
vailing effects of reductions in soil moisture (Ivancic & Shaw, 2015); changes in rainstorm properties such as
storm size or speed also deserve further attention (Chang et al., 2016; Sharma et al., 2018). Drawing conclu-
sions regarding the absence of climate-related flood trends should be done cautiously, in part since previous
studies have intentionally excluded the urbanized areas where most infrastructure and people are located
and where watershed “carrying capacity” such as soil storage potential is low due to impervious cover and
dense storm drain networks.

Our results point to the pressing need to update existing IDF estimates for infrastructure design, floodplain
mapping, and other hydrologic analyses. Such updating could potentially make use of nonstationary techni-
ques (e.g., Cheng & AghaKouchak, 2014; Gilleland & Katz, 2016), methods such as stochastic storm trans-
position that can characterize the current state of the rainfall hydroclimate (Wright et al., 2013; Wright
et al., 2017), or use “conservative” estimates such as the upper bound of the 90% CI provided by Atlas 14.
Successful updating of such standards will require closer collaboration between climate and hydrologic
scientists and the engineering practitioners that are responsible for ensuring our nation's
infrastructure reliability.
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