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ABSTRACT
The detection and attribution of changes in precipitation characteristics relies on dense networks of rain
gauges. In the United States, the COOP network is widely used for such studies even though there are
reported inconsistencies due to changes in instruments and location, inadequate maintenance, dissimilar
observation time, and the fact that measurements are made by a group of dedicated volunteers. Alternately,
the Long-Term Agroecosystem Research (LTAR) network has been consistently and professionally measuring precipitation since the early 1930s. The purpose of this study is to compare changes in extreme daily
precipitation characteristics during the warm season using paired rain gauges from the LTAR and COOP
networks. The comparison, done at 12 LTAR sites located across the United States, shows underestimation
and overestimation of daily precipitation totals at the COOP sites compared to the reference LTAR
observations. However, the magnitude and direction of the differences are not linked to the underlying
precipitation climatology of the sites. Precipitation indices that focus on extreme precipitation characteristics
match closely between the two networks at most of the sites. Our results show consistency between the COOP
and LTAR networks with precipitation extremes. It also indicates that despite the discrepancies at the daily
time steps, the extreme precipitation observed by COOP rain gauges can be reliably used to characterize
changes in the hydrologic cycle due to natural and human causes.

1. Introduction
Changes in extreme precipitation intensity and duration can have profound natural and societal impacts.
As the atmosphere gets warmer, these changes are
projected to become more extreme as its water-holding
capacity and shifts in circulation dynamics impact precipitation characteristics across the globe (Hartmann et al.
2013). In the United States, trends in daily precipitation
extremes have been reported (Groisman et al. 2005;
Kunkel et al. 2012; Min et al. 2011; Mishra et al. 2012;
Westra et al. 2014): in particular, the frequency of heavy
precipitation (exceeding the 95th percentile) during the
last 65 years (Mallakpour and Villarini 2017) and a marked
contrast in the direction of the trends between the eastern
and western regions (Janssen et al. 2014; Kunkel et al. 1999;
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Pryor et al. 2009; Yu et al. 2016). The detection and attribution of changes in precipitation characteristics due
to human and natural causes relies on the use of rain
gauge networks that are frequently prone to errors. In
the United States, the most widely used observational
network for studying temporal changes in precipitation
characteristics is the National Weather Service’s Cooperative Observer Program (COOP) network. In the
COOP network, volunteers take daily precipitation
observations at designated times in approximately 8000
stations across the country (http://www.nws.noaa.gov/om/
coop/what-is-coop.html). Precipitation observations are
taken with 8- or 4-in. gauges and the maintenance of the
instruments is left to the volunteer observer who must
report immediately any anomaly detected in the system
(NWS 2014). Despite numerous efforts to provide highquality precipitation and temperature observations across
the country since the first rain gauges were established in
the late 1800s (Fiebrich 2009), frequent inconsistencies in
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the observations arise from changes in instrumentation
through time, changes in location and hence the site’s
characteristics (Diamond et al. 2013; Leeper et al. 2015;
Pielke et al. 2007), and observation times (Karl et al.
1986; Kunkel et al. 2005). In response to the challenges
of homogenizing the existent COOP network to be able
to monitor and detect climatic trends, the U.S. Climate
Reference Network (USCRN) was developed in 2000
(Bell et al. 2013). However, most of the effort to adjust
and correct COOP observations has been applied to
temperature (Fall et al. 2011; Gallo 2005; Hausfather et al.
2016; Leeper et al. 2015; Vose et al. 2014).
The Long-Term Agroecosystem Research (LTAR)
network is a partnership of 18 long-term research sites
maintained by the U.S. Department of Agriculture (USDA)
Agricultural Research Service (ARS) and universities
(Spiegal et al. 2018; Walbridge and Shafer 2011). LTAR
was established in the year 2014 ‘‘to build the knowledge
required for sustainable intensification of agriculture,
increasing yields from the current agricultural land base
while minimizing or reversing agriculture’s adverse environmental impacts’’ (https://ltar.nal.usda.gov/). USDAARS maintains 23 experimental watersheds and ranges
across the United States that systematically and professionally measure and archive precipitation, among
other hydrometeorological variables. All sites were
originally equipped with Belfort 8-in. (0.2032 m) unshielded weighing-bucket rain gauges and with shielded
gauges in snow-dominated environments (Holtan et al.
1979), and there have been no changes in the rain gauges’
specifications through time. Common observation, calibration, and maintenance procedures have been followed
network-wide since as early as 1930 in some sites (Holtan
et al. 1979). The mechanical system recorded accumulated precipitation on paper charts and rainfall totals
were later computed by manually digitizing the charts.
Starting in the mid-1990s, the analog-recording systems
were replaced by an electronic-weighing digital system
that recorded rainfall (Bosch et al. 2007; Goodrich et al.
2008; Hanson 2001; Harmel et al. 2003; Owens et al.
2010; Sadler et al. 2015; Starks et al. 2014). Although no
network-wide evaluation of the impact of switching
from an analog to a digital system was performed,
direct comparison of precipitation events for pairs of
collocated analog rain gauges was undertaken for a
5-yr period, 2000–04, in the semiarid Walnut Gulch
Experimental Watershed (WGEW) located in southeastern Arizona (Keefer et al. 2008). Their results showed
that no artificial discontinuities were introduced by the
switch in the recording system in this water-limited environment where highly localized, short-duration, and
high-intensity summer storms are difficult to accurately
observe.
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Over the years, several quality control procedures
have been applied to the COOP precipitation database
to identify erroneous values (Durre et al. 2008, 2010;
Menne et al. 2012). A threshold selection technique is
commonly used to flag outliers, defined as precipitation
values exceeding 254 mm (10 in.), or the 95th percentile,
and subsequently verified with the nearest rain gauge
available (Kunkel et al. 2005). This manual assessment
has proven effective at identifying invalid precipitation
values; an average of 6.7% (2%–10%) of valid outliers
were detected across different regions in the United States.
However, this technique is prone to errors by human inconsistencies, and it does not correct inconsistencies in the
time stamp of the observations (time when precipitation
was recorded), location changes, and instrument changes.
Conversely, in the LTAR sites precipitation observations
have been consistently made at 0900 local time, and clock
mechanisms ensure the time accuracy of the measurements. Despite its limited spatial coverage, the LTAR
precipitation dataset is an independent network of consistently taken observations through time that can be used
to validate reported trends and changes in precipitation
characteristics. The use of a limited high-quality number
of rain gauges for statistical analysis of precipitation trends
has been reported in the literature (Muschinski and Katz
2013; Shaw et al. 2011). This study seeks to answer the
following questions: 1) What are the differences between
COOP- and LTAR-observed precipitation characteristics and are they related to the hydroclimatology of the
sites? 2) Are the observed trends and changes in warm
season daily precipitation intensities identified using
COOP data consistent with the results from a network
of independent rain gauges?

2. Data and methods
Daily precipitation for a 45-yr period (1970–2014) for
12 LTAR and COOP paired rain gauges are used in the
study (Fig. 1). The network of COOP rain gauges included in the analysis has been previously used to investigate trends in precipitation intensities (Kunkel and
Frankson 2015; Kunkel et al. 2007, 2013). This network
includes stations with less than 10% missing data for the
period of analysis. Specifically, 7 of the 12 stations had
complete records for the 47-yr period of analysis. The
other five had from 1 to 4 years of missing data. Thus,
turnover of observers is considered a minimal issue for
our analysis. The LTAR sites are uniformly distributed across the continental United States with at least
one site located in each subregion defined in the National Climate Assessment Report (U.S. Global Change
Research Program 2017). The subregions are Northeast
(NE), Midwest (MW), Southeast (SE), Great Plains
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FIG. 1. (a) Geographic location of the sites included in the study, (b) mean annual precipitation for the LTAR sites, (c) horizontal distances
between sites, and (d) DI.

north (GPN), Great Plains south (GPS), Northwest
(NW), and Southwest (SW). The LTAR dataset does
not have missing values in any of the sites. Total annual
precipitation ranges from 257 mm at the Jornada Experimental Range (JER) site in New Mexico to 1540 mm
at the Lower Chesapeake Bay (LCB) site in Pennsylvania (Fig. 1b). The horizontal distance between rain
gauge pairs varies from 0.70 to 46 km (Fig. 1c) whereas
the elevation difference ranges from 0.8 to 468 m. Even

though in some sites the horizontal distance between
rain gauges is significant, all paired sites are located
within a 50-km radius, which is the maximum distance
recommended by the World Meteorological Organization for rain gauge network densities (WMO 2008).
Table 1 contains the names of the LTAR sites
and the nearest COOP rain gauge. Since the number
of rain gauges varies in each LTAR site, from 1 to a
maximum of 59, the first step was to compute the

TABLE 1. Names of LTAR sites and nearest COOP rain gauge. The number of rain gauge relocations is for the study period. An asterisk
indicates a university site.
Climatic
region

State

NE
MW

PA
OH

MW
SE
SE
GPN
GPS
GPS
NW
SW
SW
SW

LTAR station

LCB (Buda et al. 2011)
North Appalachian Experimental
Watershed (NAEW) (Bonta 2013)
MO Central Mississippi River Basin (CMRB)
(Sadler et al. 2015)
FL A/UF* (Archbold Biological Station 2005)
GA GACP (Bosch et al. 1999)
ND NGPRL (Sanderson et al. 2015)
OK SP (Starks et al. 2014)
TX TG (Harmel et al. 2003)
ID
GB (Hanson 2001)
AZ WGEW (Goodrich et al. 2008)
CO CPER (Augustine 2010)
NM JER (Wainwright 2006)

No. of
relocations
—
—

COOP station

No. of
relocations
—
1

—

Bear Gap (USC00360457)
Coshocton Agricultural Research
Statio (USC00331905)
Moberly (USC00235671)

—
1
—
1
—
—
—
—
2

Desoto City 8 SW (USC00082288)
Cordele (USC00092266)
Bismarck (USW00024011)
Anadarko 3 E (USC00340224)
Marlin 3 NE (USC00415611)
Reynolds (USC00107648)
Tombstone (USC00028619)
Leroy 5 WSW (USC00054945)
State University (USC00298535)

—
2
1
4
1
—
1
3
—

1
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TABLE 2. List of 11 climate extreme indices used in this study.
ID

Index name

Definition

Units

RX1-day
RX5-day
PI-5
PRCPTOT
R95-mm
R99-mm
R10
R20
CWD
R95
R99

Max 1-day precipitation amount
Max 5-day precipitation amount
Average precipitation 5 events
Annual total wet-day precipitation
Very wet days
Extremely wet days
Number of heavy precipitation days
Number of very heavy precipitation days
Consecutive wet days
Number of very wet days
Number of extremely wet days

Daily maximum 1-day precipitation
Daily maximum consecutive 5-day precipitation
Average precipitation intensity for the five most intense events
Annual total PRCP in wet days (precipitation $ 1 mm)
Annual total PRCP when precipitation . 95th percentile
Annual total PRCP when precipitation . 99th percentile
Annual count of days when precipitation $ 10 mm
Annual count of days when precipitation $ 20 mm
Maximum number of consecutive days with precipitation R $ 1 mm
Annual count of days when precipitation . 95th percentile
Annual count of days when precipitation . 99th percentile

mm
mm
mm
mm
mm
mm
days
days
days
days
days

site-average daily precipitation. This step is needed
since the density of COOP rain gauges around each
LTAR site is low and only one rain gauge was available
for each site.
Additionally, the separation will help in understanding
the role of topography in the observed differences between networks. Annual reference evapotranspiration
from the gridMet dataset (Abatzoglou 2013) is used to
compute the dryness index (DI) at each LTAR site as the
ratio between total evapotranspiration and precipitation
for the study period. The large DI values indicate that the
site is water limited (Fig. 1d). No additional quality control procedure is implemented to identify outliers in the
datasets. Table 1 shows that 8 of the 12 COOP rain gauges
have been relocated during the study period with one site
being moved a total of four time whereas only three
LTAR sites have been relocated.
Statistics are computed for annual and warm (June–
October) and cold season (November–May) daily precipitation; however, since our interest is in precipitation
intensities we restrict the majority of the study to the
warm months when solid precipitation is not present.
The agreement between daily precipitation in both
datasets is measured with the root-mean-square error
(RMSE), bias as a percentage of LTAR observations,
and the correlation coefficient:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 n
(1)
RMSE 5
å (COOP 2 LTAR)2 ,
n t51


bias 5

å (COOP 2 LTAR) 3 100,

å (LTAR)

(2)

where LTAR and COOP represent daily precipitation observations for the LTAR and COOP networks,
respectively.
The bias quantifies how much lower or higher the
COOP network is relative to the reference LTAR network.
Therefore, a perfect value is zero and negative (positive)

values indicate COOP observations are underestimating
(overestimating) LTAR observations. The RMSE also
has a perfect value of zero and evaluates the ability of
COOP observation to match extreme precipitation observed for the LTAR network. Finally, the correlation
coefficient characterizes the linear covariation between
both networks. These three metrics are computed unconditionally; that is, all values including zeros are included in the analysis. It is worth noticing that the
exclusion of zeros increases significantly the magnitude
of the errors in particular the RMSE; therefore, the errors shown in this study are on the conservative side.
Double-mass curves are used to identify changes in
the accumulation rates between paired rain gauges (Searcy
and Hardison 1960). In these curves, the accumulations
from one source (i.e., LTAR) are plotted against the accumulations of another independent source (i.e., COOP).
During the same period, a change in the slope of the line
between cumulative precipitation at paired rain gauges
will represent changes in the relationship due to inconsistencies in the record of one station. This method ensures
that the detected changes in precipitation characteristics
and trends are due to climatological causes and not due to
changes in instruments, gauge location, gauge exposure, or
changes in observational methods, among others.
Following (Zhang et al. 2005), a total of 11 climate extreme indices that have been designed for climate change
detection and attribution studies are used to compare the
LTAR and the COOP precipitation datasets (see descriptions in Table 2). The precipitation indices are grouped in
two main categories: 1) indices that quantify the magnitude
of precipitation and 2) indices that quantify the number of
days precipitation has exceeded a threshold. The indices
are computed for each year, and the statistical difference
between the median of rain gauge pairs is measured with
the Wilcoxon rank sum test and with the Kolmogorov–
Smirnov test.
Additionally, temporal changes in daily precipitation intensities are evaluated using two approaches:
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FIG. 2. Double-mass curves of annual and warm season (June–October), and cold season (November–May) precipitation for the
12 LTAR/COOP sites for the period 1970–2014. Total accumulations are in meters. The elevation change between paired rain gauges
is computed as LTAR minus COOP.

1) the annual maximum series (AMS), or block maxima,
approach and 2) the partial duration series (PDS), or peakover-threshold, approach. In the AMS approach, used
widely for extreme value analysis, the largest daily precipitation is selected for each year; hence, the time series
has the length of the number of years in the record. In the
second approach, a subset of intense daily observations is
selected based on an a priori specified threshold. Unlike
the AMS approach, the PDS approach allows one to include more than one value per year, and the resulting set
is a more comprehensive representation of the extreme
events at that station. The drawback of this approach is
that the threshold selection is not straightforward and
that a threshold too small can violate the independence
criteria (Coles 2001).
The presence of a monotonic linear trend is determined
for the indices and for the AMS and PDS series using the
Mann–Kendall nonparametric test. The magnitude of

the trends is estimated with the Sen’s method, which has
been documented to be less sensitive to outliers than a
simple regression equation (Kendall 1948; Mann 1945;
Sen 1968). Throughout the manuscript, a trend is considered as being significant if it is statistically significant
at the 5% level.

3. Results
a. Annual and seasonal precipitation agreement
Figure 2 shows daily cumulative LTAR versus COOP
precipitation at the annual and warm and cold season
levels for each of the 12 LTAR sites. For all sites, there
are no abrupt changes in the relationship between
LTAR and COOP observations indicating no inconsistencies due to changes in instruments, measurement
standards, location, or exposure of the gauge in the
datasets. Additionally, no differences in the slope of the
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line are found between the warm and cold seasons for
8 of the 12 sites. The exceptions are the two snowdominated sites located in North Dakota and in Idaho
(Figs. 2f,h) suggesting differences in the procedures used
to convert solid into liquid precipitation and in the rain
gauge shields, if available. In the driest sites in Arizona
and New Mexico (Figs. 2k,l), little rainfall during the
cold season and the accuracy of the instruments might be
causing the differences between networks. The straight
line also indicates that any temporal changes in the time
series of precipitation or precipitation indices are likely
linked to changes in the climatic conditions at the sites.
Each panel in Fig. 2 shows the distance between paired
rain gauges and the elevation change. The distance is
computed as the shortest arithmetic distance, and the
elevation change is computed as the elevation at the
LTAR rain gauge minus elevation at the COOP rain
gauge; hence, negative elevations denote the LTAR
rain gauge is located at a lower elevation.
In the MW and SE spatially large storms resulting from
frontal systems, mesoscale convective systems, and extratropical cyclones (Hirschboeck 1991; Kunkel et al. 2012)
increase the agreement between paired rain gauges as
is shown by the double-mass curves being close to the
orthogonal line (Figs. 2b–e) regardless of the distance
between rain gauges, which varies from 0.7 to 41.5 km.
COOP rain gauges recorded less precipitation at the
wettest sites in the NE and in the NW regions (Figs. 2a,h),
and in both sites the elevation difference is ;60 m. In the
NW [Great Basin (GB)] site, low warm season precipitation and a strong gradient with elevation helps explain
why a 76.7-m elevation difference between paired rain
gauges has a large influence in warm and cold season
totals (Hanson 2001). The Southern Plains (SP) and
Texas Gulf (TG) COOP rain gauges in the GPS region
(Figs. 2g,h) received more precipitation than the LTAR
sites. In these two sites the LTAR rain gauges are located at higher elevations, 64.2 and 294 m, respectively,
than the COOP rain gauges. Differences in elevation
seems to play a larger role in the biases between the two
networks than distances, which are 25.7 and 25.8 km,
respectively, regardless of the high precipitation totals
and large spatial extension of the storms. In the SW
region, there is good agreement in the WGEW and
JER sites (Figs. 2k,l); however, in the Central Plains
Experimental Range (CPER) site the large distance
and elevation differences seem to have an impact on
the agreement. Localized and spatially variable summer precipitation might explain the differences (Augustine
2010). Additionally, our results indicate that rain gauge
relocation, even in the case of the SP site that experienced
four moves during the 45-yr period, is not significantly
affecting the validity of the analysis.
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The agreement between LTAR and COOP observations at the annual and seasonal scales is evaluated with
Eqs. (1) and (2). The bias is computed as the difference
between warm season COOP minus LTAR observations divided by LTAR observations; therefore, positive
(negative) biases indicate the COOP site is wetter (drier)
compared to the LTAR site. The best matches between
the two networks occur during the warm months when
the RMSE and bias are smaller than for the annual and
cold season. During the warm season, RMSE ranges from
1.87 to 114 mm with the largest error found in the wettest
site (LCB). Bias ranges from 228% to 104%, with COOP
observations in the wettest site in the NE (LGB) and the
site in the NW region, where the elevation difference
is significant, showing the largest negative values. The
COOP rain gauges at sites in the GPS region, SP and
TG, tend to observe more precipitation with positive
biases raging between 40.4% and 80%, respectively. In
these two sites the LTAR rain gauges are located at higher
elevations, 64.2 and 294 m, than the COOP rain gauges.
Difference in elevation seems to play a larger role in the
biases between the two networks than distances in this
climatic region. Network agreement in the MW and SE
regions is high with low biases ranging from 25% to 10%
regardless of the distance between rain gauges, which
varies from 0.7 to 41.5 km. A similar agreement is observed in the SW region where bias ranges from 220%
to 8%. Our analysis did not find a strong relationship
between differences in elevation and distances between
the rain gauges and the magnitude of the bias (Fig. 3c)
for the warm season. Small biases are found at sites
where rain gauges are located away from each other but
where elevation differences are small (100 m).
During the warm season, daily precipitation was not
well correlated between paired rain gauges (Fig. 4).
Scatterplots of daily precipitation indicate that the two
networks might not be temporally aligned given the
dispersion and the lack of alignment to a 458 line. Correlation coefficients range from 0.19 in the driest site to
0.65 in the wettest site, despite the lack of a clear relationship between correlation coefficients and DIs, in
general wetter sites are not more correlated than drier
sites. Figure 4 shows many cases where one network recorded zero daily precipitation when the other network
had precipitation (purple dots). We proceeded to remove
those mismatched days and plotted only days when both
paired rain gauges observed precipitation larger than
1 mm. This filtering process, shown with light blue dots,
does not decrease the dispersion or improve the relationship between the datasets; that is, correlation coefficient calculated with all nonzero values remains low,
indicating that remaining timing inconsistencies such as
shifts of 24 h or less are still present. Leeper et al. (2015)
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FIG. 3. Daily precipitation statistical results. (a) RMSE (mm). (b) Bias (%) for each site and each season.
Sites are ranked based on the DI index from wettest (top) to driest (bottom). (c) Summer bias for different
site elevation differences and distances. The size of the bubble represents the magnitude of the distance
between rain gauges (km).
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FIG. 4. Scatterplot of daily precipitation during the warm season. The darker purple dots show all the observed precipitation while the
lighter blue dots show only days where both rain gauges observed precipitation larger than 1 mm. The correlation coefficient value r is
shown in the lower-right corner of each panel.

show that by grouping precipitation into events, where
each event starts on the day when precipitation is
observed in either rain gauge and ends on the first day
when no rainfall is measured by both networks, the
time inconsistencies were resolved. Since our interest
is on precipitation extremes, it is assumed that the low
day-to-day agreement between the two networks does
not affect our results since the indices we are computing
are independent of the day when they were observed.

b. The indices
The 11 climate extreme indices (Table 2) were derived
from warm season daily precipitation observed by the
paired rain gauges. The first step was to create a time

series of each index by computing the index value for
each year; then the median value plus or minus one
standard deviation was plotted for each site. Figure 5
shows the indices that quantify the magnitude of precipitation: five for precipitation extremes (RX1-day,
RX5-day, PI-5, R95-mm, and R99-mm) and one for
precipitation totals (PRCPTOT). The star denotes that
the index samples are from continuous distributions with
equal medians at a 5% level. In the wettest site (LCB) and
the two sites in the GPS climatic region (SP and TG), the
median of all five indices in both networks are found
to be statistically different (Figs. 5a,g,h). The lack of
agreement between the networks at these sites is linked
to the large biases between paired rain gauges, which
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FIG. 5. Climate extreme indices median values for the 45-yr period for each LTAR site. The sites are arranged by climatic region (rows)
from the (a) wettest to the (j)–(l) driest sites. The units for indices PRCPTOT, R95-mm, and R99-mm are millimeters divided by 10 to be
able to fit them in the same plot. The star indicates that the medians are statistically equal (alpha 5%).
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FIG. 6. As in Fig. 5, but for indices R10, R20, CWD, R95, and R99, where the unit is days.
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FIG. 7. Linear trends in AMS and PDS precipitation extremes. The sign (1) denotes that the trend was statistically significant
at the 5% significance level.

can be partially attributed to the elevation differences.
However, the disagreement does not imply that the
COOP stations should be excluded from future climate change studies; it only indicates that the two
networks have notable biases as result of instrumental
differences, location, and elevation differences. No statistically significant differences between the indices
computed with both networks were found for the two
sites in the MW region (Figs. 5b,c), in the SE region
[with the exception of PI-5 in the Gulf Atlantic Coastal
Plain (GACP) site] (Figs. 5d,e) and in the GPN region
(Fig. 5f). The agreement between networks was also
high in two of the driest sites (WGEW and JER), where
all indices, except PI-5 in the WGEW, were found to
have equal medians (Figs. 5k,l). Conversely, the CPER
site shows a large discrepancy between both networks
despite the relatively low bias shown in Fig. 2. In the
NW region, the indices that capture daily extreme precipitation also had equal medians (5% significance level),

whereas the medians of PI-5 and PRCPTOT were found
not to be equal (Fig. 5i).
Figure 6 shows the indices that quantify the number of days of precipitation exceeding a set threshold.
The number of days with precipitation intensities in the
top 5% and 1% of the observed empirical distribution
(R95 and R99) was found to be statistically equal for all
12 sites. This result indicates that despite the large differences between the two networks at some sites shown
in Figs. 2 and 3, the frequency of precipitation extremes
is well captured by the COOP network when the requirement of temporal agreement is relaxed. All five
indices’ medians were found statistically equal at the
MW region (Figs. 6b,c), one site in the SE region (Fig. 6d),
the site in the GPN region (Fig. 6f), and two sites in
the SW region (Figs. 6j,l). In seven sites both datasets
captured the same maximum number of consecutive
wet days (CWD), and the number of days with heavy
and very heavy precipitation (R95 and R99). Overall,
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FIG. 8. Frequency of events per year with precipitation exceeding the threshold.

threshold-based metrics perform better than the metrics
based on total precipitation since the threshold is a
unique value relative to each rain gauge; hence, each
rain gauge can measure how frequent the threshold is
exceeded regardless of the biases in the measured total
amounts.

c. Trend analysis of precipitation extremes
and climate extreme indices
In this section, the presence of monotonic linear trends
in AMS and PDS daily precipitation extremes and climatic indices are evaluated with the Mann–Kendall test
for the study period. We generate a time series of AMS
by selecting the daily maximum observed warm season
precipitation for each year. Time series of PDS are created by selecting all maximum daily precipitation totals
exceeding the 90th–99th percentiles. These percentiles
are computed for each site and each individual rain gauge.
A declustering procedure is used to ensure that the precipitation events are independent, which consisted of a
temporal window of 24 h between two consecutive days
with precipitation. The trend analysis is only performed
for time series that had a number of events exceeding the
threshold larger than the number of years in the record.
This requirement limited the trend analysis to the 90th
and 95th percentiles. Additionally, a comparison of the
frequency of precipitation over thresholds ranging from
the 90th to the 99th percentiles is performed for both
networks.
There is agreement in the direction of the AMS trends
for 8 of the 12 sites (Fig. 7a). One site in the SE region
(A/UF), one in the GPS region (TG), and one in the
SW region (JER) show trends in the opposite direction.
It is worth noting that the aim of this study is to find
agreement in the direction of the trends, not in the
magnitude or in the statistical significance of the trend.

Trends in PDS values above the 90th (95th) percentile
(Figs. 7b,c) agree for 6 (7) of 12 sites, respectively.
Trends also can switch from positive to negative, or vice
versa, depending on the time series used for the analysis
as in the case of the site WGEW where the most extreme
intensities (AMS and PDS 95th) show positive trends in
both networks and a disagreement in the direction for
the PDS 90th time series. These results highlight
how sensitive trends analysis can be to the chosen
observational network and to the threshold used to define what constitutes an extreme precipitation event.
The median frequency of events per year (i.e., number
of days with precipitation exceeding the threshold per
year) is compared for each site and both networks in
Fig. 8. LTAR observations show more events for the
90th percentile in the NE, SE (A/UF), GPN [Northern
Great Plains Research (NGPRL)], and SW (WGEW) sites.
Conversely, LTAR observations measure fewer events
per year compared to the COOP rain gauges in the NW
region and one of the sites in the SW region (CPER). On
average, the results are comparable for both networks
indicating that despite the limited technical support of
the rain gauges in the COOP network they are still able
to accurately capture the frequency of extreme events.
Trends in the climatic indices are shown in Fig. 9.
Overall all 12 sites agree on the direction of the trend,
not necessarily the magnitude, with increasing trends in
all sites except for the site located in the NW region that
systematically shows negative trends for all six indices.
Note that since each index measures different precipitation characteristics the magnitude of the trend varies
accordingly. The magnitude of the trends in all six indices are in general larger for the wetter sites (NE, MW,
and SE). Note that Fig. 9a is identical to Fig. 7a but R95-mm
differs from the PDS 95th time series since the former is
the total annual precipitation exceeding the threshold.
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FIG. 9. (a)–(f) Trends in climate extreme indices that quantify the magnitude or precipitation (mm decade21).
The units for indices PRCPTOT, R95-mm, and R99-mm are millimeters divided by 10 to be able to use the same
y-axis scale. (g)–(j) Trends in climate extreme indices that quantify the days with precipitation exceeding a set
threshold (days decade21). The plus sign indicates statistically significant trends at the 5% significance level. The
R99 index is not included since no trends were identified for that index.

Trends in PRCPTOT are similar in direction for all
12 sites, with statistically significant trends found only in
two sites. In general for all indices, the wet sites located
in the NE, MW, and SW regions show consistently

positive trends whereas in the rest of the sites trends are
close to zero or negative in particular for the site in the
NW region (TG). The trends of indices that measure the
number of days when precipitation has exceeded a set
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threshold are shown in Fig. 9. Many sites show no trend
for the indices R10, R20, and R95, in particular for the
drier sites in the MW and SW regions. For the sites
where trends were larger than zero, there is always
agreement in the trend direction between networks.

4. Discussion and conclusions
This study uses an independent, albeit coarsely distributed, network of rain gauges never used in continentalscale climate studies to corroborate the trends and
changes in precipitation extremes observed in the United
States by previous studies. Daily precipitation observations are used to derive a set of climate extreme indices
needed to compare the COOP network to the professionally maintained and operated LTAR network at 12
sites across the United States for the period 1970–2014.
Daily precipitation comparison at the paired rain gauges
display differences at the annual and seasonal levels.
The differences are partially attributed to differences
in elevation and less related to the distance between
rain gauges. Despite the differences between the networks, when the requirement of temporal agreement
is removed by selecting climate extremes indices the
agreement between the COOP and LTAR networks
increases. These indices, which focus mostly on the extreme characteristics of daily precipitation, match closely
in magnitude in both networks. Additionally, the direction of the indices trends for the 45-yr period matched
for most of the sites.
Due to the highly variable nature of precipitation, its
comparison across rain gauges from different networks
is challenging. For this reason, most of previous efforts
have been allocated to temperature comparisons. Differences between the LTAR networks and the nearest
suitable COOP sites are expected to arise from several
sources. Precipitation amounts on individual days could
differ for several reasons, including (i) naturally occurring spatial variations, particularly during convectively
driven events and topographic elevation gradients; (ii)
shifts in the recording of amounts due to differences in
the time of observations, usually 0700 or 0500 LT for
COOP observations and 0900 LT for the LTAR; and (iii)
gauge catchment errors due to differences in gauge exposure. Long-term trends in extreme precipitation metrics
could differ due to random natural spatial variability.
While network differences between these two independent rain gauge networks are to be expected, the consistency in the magnitude of precipitation indices as well
as in the trends across many sites indicates that the COOP
observations can be reliably used for climate studies. Although these results are restricted to the 12 sites analyzed,
the methodology can be extended to other sites where
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independent rain gauges are available. The analysis also
serves as a groundwork to evaluate changes in precipitation
intensities at subdaily time step across the LTAR sites that
can be used as a basis to incorporate nonstationarity in
precipitation in hydrologic and structural designs.
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