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Abstract

Despite the availability of several observationally constrained data sets of daily precipitation
based on rain gauge measurements, remote sensing, and/or reanalyses, we demonstrate a large disparity
in the quasi-global land mean of daily precipitation intensity. Surprisingly, the magnitude of this spread is
similar to that found in the Coupled Model Intercomparison Project Phase 5 (CMIP5). A weakness of
reanalyses and CMIP5 models is their tendency to over simulate wet days, consistent with previous studies.
However, there is no clear agreement within and between rain gauge and remotely sensed data sets either.
This large discrepancy highlights a shortcoming in our ability to characterize not only modeled daily
precipitation intensities but even observed precipitation intensities. This shortcoming is partially reconciled
by an appreciation of the different spatial scales represented in gridded data sets of in situ precipitation
intensities and intensities calculated from gridded precipitation. Unfortunately, the spread in intensities
remains large enough to prevent us from satisfactorily determining how much it rains over land.

1. Introduction
Predicting trends in precipitation intensity due to climate change is of signiﬁcant societal and economic
importance [Arent et al., 2014]. Long-term, high-quality daily precipitation data sets are crucial for assessing
these trends as well as for conducting detection and attribution studies. Over the past decade several quasiglobal and global data sets of daily precipitation—and indices calculated from daily precipitation—have
been developed, drawing from growing networks of rain gauges as well as remote sensing instruments
[Huffman et al., 2009; Chen et al., 2008; Menne et al., 2012; Funk et al., 2013; Donat et al., 2013a, 2013b].
These data sets have been of great utility to the climate extremes community in understanding the
changing frequency, intensity, and duration of extreme precipitation events, for evaluating climate models,
and for teasing apart the anthropogenic inﬂuence on climate extremes [e.g., Min et al., 2011; Sillmann
et al., 2013].
However, data sets of observable quantities such as precipitation are often treated equally and without
appropriate consideration of their differences. Numerous issues exist in creating globally gridded data sets
from observations that can inﬂuence actual values of precipitation as well as temporal and spatial trends.
In addition to issues of quality control, instrument choice and calibration, and the digitization of measurements, methodological issues exist in the interpolation of point data onto a global grid. The most common
of these issues includes order of operations (i.e., scaling), choice of interpolation scheme, and the handling
of missing data [e.g., Hofstra et al., 2008, 2010; Donat et al., 2014; Dunn et al., 2014; Gervais et al., 2014;
Avila et al., 2015].
In addition to gridded data sets based on gauge measurements and remotely sensed data, reanalyses
provide global model-predicted but observationally constrained precipitation data over the satellite era
and earlier, extending the spatial and temporal range over which trends in the climate system can be
assessed. The latest iteration of the Coupled Model Intercomparison Project (CMIP5) provides a means
for extending this coverage forward in time. Observational data sets, reanalyses, and CMIP5 simulations
have all been used in one form or another to assess changes in precipitation extremes [e.g., Sillmann et al.,
2013; Donat et al., 2014].
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In this paper we show that a substantial disparity exists in a simple index of daily precipitation intensity
within and between observational and reanalysis products. Further, we show that the spread between these
products is as large as that exhibited by CMIP5 models. While it may not be surprising that unconstrained
CMIP5 simulations exhibit large differences, the lack of consistency within and between observationally
constrained products suggests that while we may lament the dreary state of precipitation in models,
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Table 1. Observational and Reanalysis Products
Data Set
HadEX2
GHCNDEX-merged
CPC
GPCP-1DD
GPCC-FDD
NCEP
NCEP2
ERA40
ERA-int
JRA-55
20CR

Temporal Coverage

Resolution

Instruments/Assimilation

1901–2010
1901 to present
1979–2005
1997–2014
1988–2013

3.75° × 2.5°
3.75° × 2.5°
0.5° × 0.5°
1° × 1°
1° × 1°

1948–2012
1979–2012
1958–2001
1979–2012
1959–2013
1900–2010

1.875° × ~1.9°, 28 levels
1.875° × ~1.9°, 28 levels
1.125° × ~1.125°, 60 levels
0.7° × ~0.7°, 60 levels
0.55° × ~0.55°, 60 levels
1.875° × ~1.9°, 28 levels

Observations
Gauge
Gauge
Gauge
Satellite, gauge adjusted.
Gauge
Reanalyses
3D-VAR
3D-VAR
3D-VAR
4D-VAR
4D-VAR
Ensemble Kalman ﬁlter

a

1979–2005 Trend (mm/d/decade)
4

3.5 × 10
4
4.6 × 10
4
3.0 × 10
b
NA
3
1.5 × 10
4

5.1 × 10
5
7.6 × 10
3
1.6 × 10
4
3.1 × 10
4
1.6 × 10
5
7.4 × 10

Reference
Donat et al. [2013b]
Dittus et al. [2015]
Chen et al. [2008]
Huffman et al. [2001]
Schamm et al. [2015]
Kalnay et al. [1996]
Kanamitsu et al. [2002]
Uppala et al. [2005]
Dee et al. [2011]
Kobayashi et al. [2015]
Compo et al. [2011]

a
Sen’s
b

slope estimator. Bold indicates signiﬁcance at the 5% level using the Mann-Kendall test. GPCC-FDD trend from 1988.
Not Applicable.

as Stephens et al. [2010] did, we should be equally concerned with our ability to characterize precipitation from observations, without which we cannot reliably evaluate models to begin with. Discussion of
the interpretation of observational products provides a means by which the discrepancies shown here
may be better taken into account.

2. Data and Methods
We examine several observational, reanalysis, and CMIP5 products, which are summarized in Table 1
(Table S1 in the supporting information for CMIP5). HadEX2 is a quasi-global, gridded land-based data set
of climate extremes indices developed by the Expert Team on Climate Change Detection and Indices
(ETCCDI) [Zhang et al., 2011] and is based on numerous ofﬁcial rain gauge networks as well as data sourced
from regional collaborations [Donat et al., 2013b]. Each precipitation index is calculated at rain gauge locations and interpolated onto a global grid using a modiﬁed form of angular distance weighting. To interpolate
data to a grid cell, in situ data from locations within a gauge-dependent decorrelation length scale are used.
Because of this, grid cells with no in situ data within the radius of the corresponding decorrelation length
scale do not contain any interpolated values. The Global Historical Climatology Network’s (GHCN’s) daily precipitation data set is a rain gauge product that covers a substantial amount of the global land surface [Menne
et al., 2012] and is largely independent of the rain gauge networks used in HadEX2. It has been used to create
a structurally similar gridded extremes indices data set, designated GHCNDEX [Donat et al., 2013a]. This product utilizes only publicly available data; thus, due to restrictions on the availability of some data GHCNDEX
lacks temporal coverage in crucial regions where data exist, such as the Indian subcontinent. To take advantage of GHCNDEX but alleviate data gaps, we use a merged product (GHCNDEX-merged) that supplements
GHCNDEX with HadEX2 where data in the former are missing [Dittus et al., 2015]. The Climate Prediction
Center’s (CPC’s) global daily precipitation data set is a new high-density 0.5° gridded rain gauge product built
with optimal interpolation and adjusted for topographic biases [Chen et al., 2008]. This product covers the
period 1979–2005. The Global Precipitation Climatology Project’s 1° daily data set (GPCP-1DD) is a merged product of satellite infrared and microwave measurements that has been scaled to the GPCP version 2 monthly
satellite-gauge data set, ensuring monthly precipitation totals of daily precipitation are consistent with this
more robust data set [Huffman et al., 2001]. GPCP-1DD utilizes different remote sensing products poleward
of 40°, and thus, artifacts can often be observed at this latitude. While monthly precipitation is relatively
robust, the authors of this product note that given assumptions in the determination of rainfall and its distribution at submonthly time scales, daily values should be used cautiously [Huffman et al., 2001]. Further, while
GPCP-1DD has global spatial coverage it is limited to post October 1996. Finally, the Global Precipitation
Climatology Centre’s (GPCC’s) Full Data Daily product (GPCC-FDD) has been included [Schamm et al., 2015].
GPCC-FDD is a combination of in situ data from the Global Telecommunication System and other global and
regional data collections that has been interpolated using kriging to a 1° grid. GPCC-FDD covers the
period 1988 to 2013. Other data sets of daily or subdaily precipitation exist that are not included here.
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For example, the Climate Hazards
Group InfraRed Precipitation with
Station data has released a new extremely high-resolution (0.05 × 0.05°)
gridded daily product [Funk et al.,
2013]. Unfortunately, this product
lacks coverage poleward of 50° (i.e.,
much of Russia, northern Europe, and
Canada) and is thus excluded. For
similar reasons, the remotely sensed
Tropical Rainfall Measuring Mission
T3B42 product [Huffman et al., 2007]
and Precipitation Estimation from
Remotely Sensed Information using
Artiﬁcial Neural Networks-Climate
Data Record product [PERSIANN-CDR;
Ashouri et al., 2014] are also excluded.
For a separate analysis of tropical and
Figure 1. (a) Simple daily intensity index (SDII) for the period 1961–2005; subtropical regions including these
(b) observations and reanalyses assessed in this paper. Light and dark grey
products, refer to the supporting
shading represents the full and interquartile range of CMIP5 simulations
information. This additional analysis
(Table S1), respectively. (c) Region mask where satisfactory data coverage
does not affect our conclusions. In addiexists in all products (see text) and over which SDII is averaged.
tion to observational data sets, we
examine most of the major reanalyses
as well as output from historical simulations from the CMIP5 archive. The CMIP5 simulations used here represent a single ensemble member from each corresponding model and are taken from Sillmann et al. [2013]. Given
the limited temporal coverage of the products considered here, we limit our study to the period 1961–2005.
We compare all data sets using the Simple Daily Intensity Index (SDII) as recommended by the ETCCDI. The R
package climdex.pcic, developed by the Paciﬁc Climate Impacts Consortium, was used for this process as it is
considered the ofﬁcial implementation of the ETCCDI indices. SDII is an annual index deﬁned as
X
precipitation for days ≥ 1 mm
SDII ¼
(1)
number of days with precipitation ≥ 1 mm
SDII was calculated for all data sets at their native resolution and regridded to the HadEX2 grid (3.75 × 2.5°) for
comparison, using a second-order conservative interpolation scheme [Jones, 1999]. The ETCCDI has strict
data completeness requirements that were adhered to in this study. Namely, at any grid cell no more than
three daily values may be missing in any 1 month; otherwise, the entire month is considered missing.
Similarly, no more than 15 days in any year may be missing; otherwise, the entire year is considered missing.
This is done to limit spurious temporal trends. We further apply a single mask to all data sets requiring SDII
values for at least 70% of the 1961–2005 period and at least 3 of the ﬁrst and last 10 years, in each grid cell
and for each product (Figure 1c). This latter step ensures that all products are assessed with the same spatial
coverage but unfortunately also means that this spatial coverage is substantially less than global. Finally,
years that did not have at least 80% spatial coverage of the masked area were removed to prevent large
regional biases from inﬂuencing trends (e.g. as seen in Figure 1, CPC, between 1983 and 1985).

3. Results
Throughout the text we refer to data sets constructed from rain gauge and remotely sensed measurements
as “observations,” reanalysis products as “reanalyses,” and CMIP5 simulations as “CMIP5.” The mean SDII time
series calculated for each data set reveals a substantial and persistent spread throughout 1961–2005, from
~5.2 mm/d in CMIP5 to ~8.4 mm/d in HadEX2 and GHCNDEX-merged (Figure 1). Substantial spread also exists
within and between observational, reanalysis, and CMIP5 products. This result is robust to changes in our data
mask, with similarly disparate values obtained using unmasked global land means (Figure S1).
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Of the observational data sets HadEX2
and GHCNDEX-merged exhibit the
highest mean precipitation intensities
(~8.4 mm/d) and GPCC-FDD the lowest
(~5.9 mm/d). GHCNDEX-merged and
HadEX2 closely resemble each other,
and similarly, though to a lesser extent,
so do CPC and GPCC-FDD. Both of these
similarities are expected given that
HadEX2 and GHCNDEX-merged—in
addition to the former supplementing
the latter—derive SDII from raw gauge
data that is subsequently gridded, while
CPC and GPCC-FDD derive SDII from
raw gauge data that has already been
gridded. The latter order of operations
is known to produce lower values due
to the averaging down of local maxima
and the artiﬁcial increase in precipitation frequency [Avila et al., 2015; Donat
et al., 2014; Kursinski and Zeng, 2006].
Mean intensity in GPCP-1DD—the only
product with precipitation derived from
satellite measurements—lies midway
between the above pairs of data sets,
at ~7.3 mm/d (Figure 1). The inclusion
of observational products covering only
tropical and subtropical regions does
not alter our conclusions and in fact
increases the spread in precipitation
intensities that would otherwise exist
(Figure S2 and supporting information).
To investigate interproduct variation, we
examine the two components of SDII
(equation (1)): the global mean (masked)
total precipitation and number of wet
days. Raw data for HadEX2 are unavailable; however, the total precipitation
Figure 2. (a) Total precipitation and (b) number of wet days (days experien- index developed by the ETCCDI is availcing ≥ 1 mm) averaged over the regions indicated in Figure 1c. Legend as in able as part of this data set [Donat et al.,
Figure 1. Light and dark grey shading represent the full and interquartile
2013b], and combined with SDII can be
ranges of CMIP5 simulations (Table S1), respectively. Given limits on the
used to calculate the number of wet
public availability of the raw data used in HadEX2, the total precipitation index
days. The same could not be achieved
developed by the ETCCDI [Donat et al., 2013b] was combined with SDII to
with GHCNDEX-merged given that grid
calculate the number of wet days for this data set. This could not be achieved
with GHCNDEX-merged given that grid cells contributed by GHCNDEX and
cells contributed by GHCNDEX and
HadEX2 are not identical between SDII and the total precipitation index.
HadEX2 are not identical between SDII
and the total precipitation index.
Consequently, the number of wet days is not plotted for GHCNDEX-merged (Figure 2b). Of the observational
data sets, HadEX2, GHCNDEX-merged, and GPCC-FDD produce very similar precipitation totals for overlapping
years, while CPC produces precipitation totals substantially lower and GPCP-1DD substantially higher
(Figure 2a). Conversely, HadEX2 and CPC produce a similar number of wet days for most of the period, while
GPCP-1DD and GPCC-FDD produce higher values (Figure 2b). A large decrease in total precipitation and number
of wet days occurs in CPC between 1981 and 1982 (Figure 2), before which CPC exhibits wet days consistent with
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the later GPCP-1DD and GPCC-FDD
records. This decrease results from an
ostensible inhomogeneity in precipitation across northern Eurasia. However,
SDII is robust to these changes given their
ratio remains comparatively constant.

Figure 3. Probability distribution of (a) total precipitation and (b)
the number of wet days, averaged over the regions indicated in
Figure 1c. Legend as in Figure 1. Light and dark grey shadings represent the full and interquartile ranges of CMIP5 simulations (Table S1),
respectively. GHCNDEX-merged not included in wet day calculation as
per Figure 2.

Of the reanalyses NCEP2 exhibits the
highest SDII and along with JRA55 is
consistent with the brief GPCP-1DD
record over our masked region
(~7.3 mm/d; Figure 1). The remaining
reanalyses fall closer to CPC and
GPCC-FDD, although ERA40 exhibits
intensities lower than all observational
data sets and toward the lower end of
CMIP5 simulations (Figure 1). NCEP2
acquires its high-precipitation intensity
compared to other reanalyses due primarily to fewer simulated wet days,
which is also more consistent with
observations (Figure 2b). Conversely,
ERA40 attains its low intensities compared to other reanalyses due to substantially lower precipitation totals
(~50 mm lower than other reanalyses
at the end of the period; Figure 2a). A
large increase in total annual precipitation and number of rainy days prior to
1973 in ERA40 (Figure 2) results from
strong precipitation trends over North
America and Europe (not shown) and
coincides with the beginning of satellite
data assimilation in this product [Uppala
et al., 2005]. The spread in SDII between
CMIP5 models is slightly larger than
that between reanalyses, though with a
clear tendency toward lower intensities
(Figure 1). This is due predominantly to
lower precipitation totals as opposed to
a higher number of wet days (Figure 2).
Exceptions are the MPI-ESM-MR, MPIESM-LR, and CMCC-CM models which
constitute the large upper quartile extent
of CMIP5 (Figure 1).

The data assimilation applied in reanalyses leads to distinct El Niño (e.g., 72–73, 82–83, and 97–98) and La
Niña events (e.g., 88–89), manifesting themselves in increases and decreases in precipitation intensity,
respectively (Figure 1). The sign of this response is a result of our data mask (Figure 1c) which favors the
North American teleconnection to the tropical Paciﬁc Ocean. 20CR captures these El Niño and La Niña events
less well compared to other reanalyses and in particular over predicts wet days (Figure 3b), mainly over North
America, northern Europe, and China (Figure S2). This deviation from other reanalyses is likely due to 20CR’s
assimilation of sea level pressure alone, which was done in order to limit inhomogeneities resulting from
multiple observing systems and a long operational period [Compo et al., 2011].
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The differences between gauge-based data sets and the satellite-based GPCP-1DD, reanalyses, and CMIP5 are
visible in the probability distributions for total precipitation and number of wet days (Figure 3), with the
former exhibiting slightly more low precipitation totals and fewer wet days. While probability distributions
of total precipitation and wet day frequency are generally consistent among reanalyses, 20CR substantially
over simulates the frequency of wet days (Figure 3b). The spatial pattern of the mean total precipitation
and number of wet days is similar among the observational and reanalysis products, though the magnitudes
vary considerably (Figure S3). Compared to observations, all reanalyses rain too frequently in southern China
and to varying degrees in eastern North America (Figure S3b).
Despite the large discrepancies in precipitation intensity, the 1979–2005 trends from observational and reanalysis data sets—except for GHCNDEX-merged and GPCP-1DD (for which the record is too short for trend
analysis)—are all weakly positive, though most of these trends are not statistically signiﬁcant (Table 1).
Surprisingly, trends from CMIP5 exhibit little agreement with observations and reanalyses; with only 5 of
the 28 simulations showing a positive trend, none of which are signiﬁcant. Thus, for the regions considered
here (Figure 1c) the trend in daily precipitation intensity seems robust to differences in gridding technique,
order of operations, and whether model-derived or purely observational data are used, although data assimilation seems necessary for modeling to achieve the observed trend.

4. Discussion and Conclusion
A simple precipitation intensity index, SDII, varies substantially between observational, reanalysis, and CMIP5
products over the period 1961–2005. While the inherent spatial scale of model and remotely sensed data
differs from the in situ information provided by rain gauges (i.e., HadEX2, GHCNDEX-merged, CPC, and
GPCC-FDD), the spread within the different product types are themselves large.
HadEX2 and GHCNDEX-merged exhibit the highest precipitation intensities of all data sets due primarily—in
the case of HadEX2—to their depiction of fewer wet days (Figures 2b and 3b). Both data sets exhibit intensities well above the range of CMIP5 simulations as well as reanalyses. While Mehran et al. [2014] found that
CMIP5 models predict monthly precipitation totals well compared to GPCP measurements—consistent with
our comparison (Figure 2a)—it is well documented that models tend to over predict precipitation frequency
and under predict intensity compared to observations [Dai and Trenberth, 2004; Sun et al., 2007; Stephens
et al., 2010], as reﬂected in Figures 1, 2b, and 3b. Sillmann et al. [2013] were the ﬁrst to note a substantial
under prediction of SDII in CMIP5 models compared to HadEX2. However, their choice of HadEX2 may not
have been, as they acknowledge, the most appropriate for evaluating precipitation extremes in climate models given the order of operations used in HadEX2’s construction [Donat et al., 2013b].
Which observational product a user should adopt in their research is not a trivial choice. Using HadEX2 versus
GPCC-FDD, for example, could lead to wildly different results if actual values—as opposed to anomalies or
trends—are of concern (Figure 1). Furthermore, the lack of guidance in the literature limits users’ conﬁdence
in making such decisions. While data quality and spatial/temporal coverage are signiﬁcant factors to consider, a less noted distinction between data sets are the spatial scales that they most appropriately represent.
Recalling the message from Chen and Knutson [2008] that model simulated precipitation should be interpreted as an area average, researchers evaluating model results should then endeavor to use data sets best
representing area averages, as opposed to in situ values. Results from previous studies suggest that differences in orders of operation may have contributed substantially to the spread in precipitation intensities seen
here [Avila et al., 2015; Donat et al., 2014; Dunn et al., 2014; Kursinski and Zeng, 2006]. HadEX2 and GHCNDEXmerged, both constructed from gauge-based SDII that are subsequently gridded, exhibit mean precipitation
intensities ~2.4 mm/d above CPC and GPCC-FDD, which calculate SDII from gridded gauge-based precipitation. Given the order of operations used in constructing these data sets, CPC and GPCC-FDD better reﬂect
area-averaged precipitation intensity compared to HadEX2 and GHCNDEX-merged and on this basis may
constitute more appropriate choices for model evaluation. GPCP-1DD, a satellite product derived inherently
from area averages, also provides an appropriate comparison to model data. While precipitation intensity
from CPC and GPCC-FDD compares more closely to reanalyses and CMIP5 than GPCP-1DD (Figure 1), this
is belied by the fact that both data sets exhibit substantially lower precipitation totals than most models
(Figure 2a). It is also worth noting here that gauge density varies greatly between grid cells and can severely
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affect the accuracy of the estimated precipitation intensity. Kursinski and Zeng [2006] show that for a midlatitude region in the United States, approximately 30 gauge stations are required to accurately estimate precipitation intensity within a 200 × 200 km area. This level of data coverage can only be expected over some
regions and only in developed countries; thus, further bias may exist in the gauge-based products assessed
here where the number of gauges is substantially lower than this. GPCP-1DD, on the other hand, relies on
approximations of precipitation from measurements of cloud top temperatures and makes assumptions
about the daily intensity of precipitation within any given month. Ultimately, there is no objective way of
knowing whether gridded gauge data or satellite data more accurately reﬂect area-averaged precipitation
intensity. It is clear that the former may become increasingly biased as the number of stations available for
interpolation decreases [e.g., Hofstra et al., 2010; Gervais et al., 2014; Kursinski and Zeng, 2006] and that the
latter depends on indirect methods, measuring radiation quantities related to precipitation through empirical relationships which vary in efﬁcacy by region.
Users with an interest in site-speciﬁc precipitation intensity should, conversely, select data sets best representing in situ values, which in this case are HadEX2 and GHCNDEX-merged. It is arguable that the in situ
values used in constructing HadEX2 and GHCNDEX-merged are the only precipitation intensities of physical
relevance, as they are recorded intensities as opposed to derivations from approximated area averages.
Nonetheless, area averages of climate variables form the basis for climate model evaluation, and thus, data
sets representing these averages are necessary. On this basis, it may be unreasonable to expect agreement
between HadEX2 and GHCNDEX-merged, and GPCC-FDD and CPC. When considering only GPCC-FDD,
CPC, and GPCP-1DD, climate models have a narrower observational range at which to aim for, and in fact,
many reanalyses and some CMIP5 models already achieve this target (Figure 1). Though, by all observational
accounts, most models still oversimulate wet day frequency (Figure 2b) and thus generally underestimate
precipitation intensity (Figure 1).
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The most salient result of this study is that differences in precipitation intensity among observational datasets
are as large as those among reanalyses or among CMIP5 models (~2.4 mm/d; Figure 1). Given the increasing
importance and availability of daily precipitation data sets for monitoring climate change, it is necessary that
their differences are considered when used. It is frequently reported that climate models precipitate too
frequently and/or not intensely enough [Dai and Trenberth, 2004; Sun et al., 2007; Stephens et al., 2010].
While these are legitimate concerns, our results suggest that how well a model evaluates may depend
strongly on the observational data set used if actual amounts are of concern. The quality and density of data
coverage varies by region, and the data set against which to evaluate models should thus vary accordingly.
Nevertheless, the trends in the data sets assessed here are robust, and thus, our results do not diminish their
utility in projecting rates of change or determining spatial patterns. Ultimately, the data set adopted for a
particular problem must be “ﬁt for purpose” and requires substantial user discretion.
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