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Abstract Novel precipitation event data sets are created by tracking 3-hourly observed rainfall in
both time and space in the TRMM 3B42 and ERA-Interim data sets. Relative to TRMM, ERA-Interim data
undersimulate the total number of events (factor of ∼0.5), and oversimulate the frequency of events lasting
>5 days (factor of 1.6). Longer-lasting events tend to have larger spatial footprints and higher intensity
precipitation at any point in their lifetime, and thus contribute signiﬁcantly more to total precipitation than
shorter events. Precipitation changes in selected tropical and subtropical regions are attributed to diﬀerent
event characteristics: some to changes in event rainfall intensity, others to changes in the number of events.
In the 40∘ S–40∘ N spatial average, the number of events lasting 1–5 days signiﬁcantly increased from 1998
to 2014 in both the TRMM 3B42 and ERA-Interim data. The event data sets, analysis scripts, and selected
processed data are freely available online.
Plain Language Summary

Personal experience tells us that rain occurs in individual events,
yet when researchers study rainfall in observations and models we do not tend to focus on “event
characteristics.” Our work aims to change this, by presenting an analysis of event characteristics for all
rain events that happened between 40∘ S and 40∘ N from 1980 to 2015. We look at how long events last
(as they move through space), the average spatial footprint, or size, of events, and how much rain fell in
total in an event. We set the stage for future work studying how “total event rainfall” may change in future
climates, which may be crucial for estimating changes to the likelihood of ﬂooding.

1. Introduction
The water cycle plays a vital role in Earth’s climate and biosphere, and improving our understanding of variability in water availability is one of the current scientiﬁc Grand Challenges from the World Climate Research
Programme [e.g., Trenberth and Asrar, 2014]. In a warmer climate, the hydrological cycle is expected to intensify [e.g., Held and Soden, 2006; Bates et al., 2008; Allan et al., 2010]. The manifestation of such an intensiﬁcation
at local levels, however, remains uncertain [Collins et al., 2013].
Looking at climatological time mean precipitation provides a useful metric for studying precipitation changes;
however, personal experience tells us that precipitation occurs in discrete events. Venugopal and Wallace
[2016] estimate that at any given instant half of all tropical rain is concentrated within only ≈1% of the tropics.
At one end of the spectrum are small, highly localized events, such as those associated with tropical convective cells, while at the other end lie long-lasting events with large spatial footprints, such as in tropical or
extratropical cyclones.
Almost 15 years ago, Trenberth et al. [2003] highlighted the need for more research on precipitation intensity,
frequency, and duration of events, in both observations and models. They note that while the intensity of
precipitation falling in individual storms may increase in a warmer climate, understanding storm duration
changes is key to fully discerning how total event precipitation may change. In addition, studying the spatial
footprint of precipitation events is important for understanding ﬂooding risks: intense precipitation over a
whole river basin is more likely to result in downstream ﬂooding than equally intense precipitation over a
fraction of the basin.
©2017. American Geophysical Union.
All Rights Reserved.
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The distribution of precipitation in mesoscale convective systems and in the diurnal cycle of precipitation has
been well documented [e.g., Nesbitt et al., 2000; Nesbitt and Zipser, 2003; Houze et al., 2015]. Some of this work
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was extended to include identiﬁcation of discrete cloud features [Liu et al., 2008], and the identiﬁcation of
atmospheric fronts and associated precipitation [Berry et al., 2011; Catto et al., 2012] using objective detection
algorithms. The aforementioned studies examine snapshots of precipitation in time, without connecting features from consecutive time periods into precipitation “events.” Using 3-hourly precipitation observations, Liu
[2010] classiﬁed long-duration precipitation events as times when an event produced rainfall in a grid cell for
four consecutive 3-hourly periods.
One of the ﬁrst algorithms to track precipitation features in both space and time was developed by Davis
et al. [2006] and used to study mesoscale rain events over the U.S. and evaluate the forecast ability of a
regional climate model. Skok et al. [2010] modiﬁed this event identiﬁcation technique to evaluate modeled
precipitation event characteristics over the Paciﬁc Ocean. A similar technique was used by Chang et al. [2016]
to study rainfall events over the U.S., including future changes simulated by a regional climate model with
a “business-as-usual” emissions scenario. These studies ﬁnd that relative to observations, models tend to
produce events that are longer lived and have larger spatial footprints and lower rain intensities.
In this study we present results from two new data sets, created by tracking precipitation events in both time
and space in the Tropical Rainfall Measuring Mission (TRMM) 3B42 and ERA-Interim observational data sets,
using the method developed by Skok et al. [2009]. We look at event characteristics of average spatial footprint,
total precipitation, and rain intensity, as a function of event duration. We emphasize that in this study, when
we refer to event duration we do not mean how long it rained in one particular location, but the lifetime of
the event when tracked in both space and time. To the authors’ knowledge, the data sets we present in this
study are the ﬁrst such data sets of precipitation events across all longitudes. The data sets and all analysis
code have been made freely available online (see Acknowledgments section for URL).

2. Event Database Creation
2.1. Tracking Algorithm
To identify and track discrete precipitation events, we use the “forward-in-time” (FiT) algorithm developed
by Gregor Skok with collaboration from researchers from the National Center for Atmospheric Research. Full
details can be found in Skok et al. [2009, 2010, 2013]; here we present a brief overview. The ﬁrst step is to
deﬁne thresholds in the precipitation rate that delineate events. The use of multiple thresholds allows the
algorithm to distinguish distinct but neighboring meteorological systems. At all time steps, the algorithm
identiﬁes all unique objects within the thresholded data. The FiT algorithm then ﬁnds objects that are linked
across multiple time steps: if any part of the object at time t overlaps spatially with any part of an object at
time t + 1, these objects are considered a single event. The forward-in-time aspect allows an event to split into
multiple objects and retain a single identity, but does not allow two objects that are initially unique to merge
at any later time step. The FiT algorithm code is a freely available software package (obtainable from author
Gregor.Skok@fmf.uni-lj.si).
Identifying and tracking all events in 16 years of 3-hourly 0.25∘ × 0.25∘ TRMM 3B42 data takes only 48 h using
a single node of a 32 core, x86_64 linux system, as the algorithm is highly optimized for speed. The postprocessing code in python takes advantage of array computations to process the 65,700,428 events and runs in
under 4 days on the same system.
2.2. Precipitation Data Sets
The tracking algorithm described above requires gridded precipitation at high temporal resolution in order to
correctly identify fast-moving events as a single event, and high spatial resolution to distinctly identify events
with small spatial footprints. The 3-hourly, 0.25∘ × 0.25∘ , TRMM 3B42 (V7) gridded observational data set is
the highest resolution data set available for the study of events across all longitudes. This data set is one of the
TRMM Multisatellite Precipitation Analysis (TMPA) products produced as part of the Tropical Rainfall Measuring Mission (TRMM) [Simpson et al., 1996; Adler et al., 2000] Multisatellite Precipitation Analysis (TMPA) by the
NASA Goddard Space Flight Center [Huﬀman et al., 2007; Huﬀman and Bolvin, 2014]. To construct the TRMM
3B42 data set, the TRMM’s precipitation radar (PR) product calibrates infrared and microwave precipitation
estimates from various satellites, with adjustment by monthly analyses from ground-based precipitation measurements [Huﬀman et al., 2007]. The merging of data sets produces an unprecedented view of the spatial and
temporal evolution of precipitation in the tropics and subtropics, opening a gateway to the characterization
and study of tropical precipitation in a manner that was not previously possible [e.g., Kikuchi and Wang, 2008;
Venugopal and Wallace, 2016].
WHITE ET AL.
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The blending of data sets is necessary to produce a global-scale data set with both high temporal and spatial
resolution; however, such a method is not without caveats. The main disadvantage is the lack of consistency in
time; the input products change as old satellites are retired, new satellites are launched, and satellite orbits are
adjusted [Huﬀman et al., 2007; Huﬀman and Bolvin, 2014]. Since the beginning of the TRMM in 1998, there has
been an ongoing increase in the number of microwave sounding units available for inclusion into the blended
product. Much work has been done to blend all the data as seamlessly as possible [Huﬀman and Bolvin, 2014];
however, some seams undoubtably remain, and thus this product is not considered a climate data record.
For the analysis presented here, we choose thresholds equal to those given by Skok et al. [2013]: 24, 40, 56,
80, and 120 mm d−1 (i.e., 3, 5, 7, 10, and 15 mm in 3 h). The analysis was repeated with higher thresholds
(lowest threshold 48 mm d−1 ) and with an additional lower threshold of 6 mm d−1 . The conclusions presented
in this paper are insensitive to these threshold changes. Imposing a smaller minimum threshold increases
the number of identiﬁed events and includes more of the total precipitation in the analysis; however, using
too low a threshold leads to unrealistically large-scale events as the ﬁnite spatial resolution connects nearby
drizzling pixels into one superevent. By excluding very light rain from the analysis, we aim to remove biases
related to changes in the detection of light rain by some of the satellite instruments in the TRMM 3B42 data
set [Huﬀman et al., 2007; Berg et al., 2009].
In the merged TRMM 3B42 data set there are very few missing data points. Prior to running the FiT analysis
code; however, we remove any missing values in the following manner: if there is a nonmissing value at the
grid point in question for the time step before and after the missing value, then the missing value is set to the
temporal average; otherwise, the missing value is set to 0. The results in this paper are insensitive to how the
missing data are treated.
The smallest and shortest duration-detectable “event” is limited by the resolution of the observational data
set: 0.25∘ × 0.25∘ with 3-hourly time resolution. Additional limitations exist as we assume precipitation falling
continuously throughout each 3-hourly period; in reality the TRMM data are instantaneous snapshots of
precipitation rates. If multiple sub-3-hourly events occur in consecutive 3-hourly periods, the algorithm
will misclassify these as a single longer-lasting event. An additional issue with the time resolution is that
well-organized, narrow (one grid box wide), events that move more than two grid boxes per time step
(approximately 4 m/s), may not always be contiguous in space from one time step to the next; events such
as narrow squall lines may therefore be erroneously identiﬁed as multiple short-lived events. Additionally,
the TRMM data set smooths out any subgrid-scale variations in precipitation. The algorithm will miss events
with small subgrid-scale spatial footprints unless they have a high enough rain rate that the average over the
grid box exceeds the minimum threshold of 24 mm/d. The algorithm will also erroneously consider multiple
subgrid-scale events to be a single event. We explore some of the eﬀects of spatial resolution when we regrid
the TRMM 3B42 data onto the larger ERA-Interim grid and by repeating our analysis with the smallest events
excluded.
We conduct a comparison of the climatology of events in the TRMM 3B42 data set with that from the 3-hourly
ERA-Interim reanalysis data [Dee et al., 2011]. We obtain the ERA-Interim data on a regular latitude-longitude
grid with resolution 0.75∘ × 0.75∘ ; the data were regridded from the native spectral T255 grid by the ECMWF’s
Meteorological Archive and Retrieval System. We extract 3-hourly precipitation from the 3, 6, 9, and 12 h forecasts of accumulated precipitation. As resolution can strongly aﬀect the detection of precipitation events, for
this comparison analysis we run the event tracking software on the TRMM and ERA-Interim data on the same
grid; we regrid the higher-resolution TRMM data to the ERA-Interim 0.75∘ × 0.75∘ grid using the Earth System
Modeling Framework (ESMF) conservative regridding routine within the NCAR Command Language. While
precipitation in the ERA-Interim data is produced directly by the model, the model assimilates rain-aﬀected
satellite measurements [Bauer et al., 2006], including some measurements used in the merged TRMM 3B42
data set; these data sets are therefore not completely independent.

3. Results
We explore the climatology of precipitation events around the globe, including separating events by duration,
before moving on to investigate decadal-scale changes. The beneﬁt of tracking objects in both space and
time is that it allows the study of temporal aspects of precipitation events such as total duration, event mean
rainfall intensity, and propagation speed.
WHITE ET AL.
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Table 1. Average Characteristics of Events of Diﬀerent Durations, for 40∘ S to 40∘ N
Events/yr (%)

Precipitation, mm/d (%)a

Footprint ( × 104 km2 )b

Intensity (mm/d)

3.3 × 106

2.5

0.33

47

0–1 day

99.4%

57%

0.31 (4.3)

47

1–2 days

0.6%

25%

3.8

79

Duration
TRMM

2–5 days

0.07%

13%

7.5

88

>5 days

0.003%

3.4%

14.7

99

5.1 × 105

2.1

1.8

43

0–1 day

98.0%

48%

1.6 (2.5)

43

1–2 days

1.7%

28%

8.9

70

TRMM ERAI grid

2–5 days

0.3%

18%

15.0

73

>5 days

0.02%

6.3%

23.3

80

2.2 × 105

0.86

2.1

27

0–1 day

97.7%

30%

1.8 (2.7)

27

1–2 days

1.6%

18%

10.3

39

2–5 days

0.6%

30%

18.5

43

>5 days

0.09%

21%

35.6

44

ERAI

a Precipitation

in mm/d is the domain average precipitation associated with all events and the fraction of
this precipitation as a function of event duration. For reference, total domain average precipitation for TRMM
(ERA-Interim) for this time period is 3.0 mm/d (3.3 mm/d).
b Event footprint is the average 3-hourly spatial footprint over the duration of the event. For 0–1 day events
the equivalent value in grid boxes is shown in parentheses for comparison, based on the average grid box size
in the whole analysis region.

3.1. Climatology
Characteristics for events between 40∘ S and 40∘ N are shown in Table 1 for all events (ﬁrst line for each data
set) and then as a function of event duration. These values take into account changes in grid box size with
latitude. We remove the most northern and southern 10∘ of the TRMM 3B42 data (40–50∘ N/S) to avoid a low
bias in the lifetime and footprint of events in this region due to events leaving or entering the TRMM domain.
Events lasting less than 1 day dominate in number, consistent with the log-log relationship between number
of events and duration shown by Skok et al. [2010]. Despite accounting for less than 1% of precipitation events,
25% of all rain falls in 1–2 day events: 1–2 day events last longer than 1 day events by deﬁnition, and events
with longer durations tend to be larger (footprint column) and have more intense rainfall at any given time
(intensity column).
To illuminate some of the impacts of resolution on our results, we rerun our analyses considering only events
that span at least four unique grid boxes over their lifetime (unique deﬁned in space, such that an event is
not included if it only occupies the same single grid box for four time steps). The total number of events
identiﬁed drops by 2/3, to 1.2 × 106 , and average footprint (intensity) for 0–1 day events increases from 0.31
to 0.66 × 104 km2 (47 to 57 mm d−1 ). Other changes are small: the percentage of 0–1 day events decreases
from 99.4% to 98.3%, while the fraction of total precipitation captured by all events drops from 81% to 78%.
Our results are therefore largely insensitive to the issues regarding the smallest events, e.g., subgrid-scale
convective elements.
Figure 1a shows the spatial distribution of average event density in events per grid box per year, showing the
average number of events each grid box sees passing through each year. Each event is counted only once in
each grid box it travels over—this ﬁeld therefore provides a diﬀerent metric to “rain frequency” counts of how
many 3-hourly periods in a year had precipitation above the minimum threshold. Events with large spatial
footprints will be counted in many grid boxes. On average, ocean points see 60.3 events/yr, while land points
see 58.4 events/yr. With an average event lifetime of 4.1 h, this gives an estimated average total rain time of
246 h per year, equivalent to an average rain frequency of 3%, consistent with Yang and Nesbitt [2014].
Figure 1b shows the percentage of total precipitation captured in events at each point. Running the algorithm
with the standard precipitation thresholds (see section 2.2), 81% of total precipitation in this domain is identiﬁed as part of an “event”; the remaining 19% therefore falls at less than our minimum threshold of 24 mm d−1 .
WHITE ET AL.
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Figure 1. Event statistics in the TRMM 3B42 data set, separated by event duration. (a, c, e, g, and i) Percentage of all events at each grid box in duration range.
(b, d, f, h, and j) Percentage of total annual event precipitation falling in events in each duration range. Data have been conservatively regridded onto a grid
approximately 2∘ × 2∘ .

In the remainder of this paper “total precipitation” refers to the total TRMM 3B42 precipitation, while “event
precipitation” is that identiﬁed as part of an event (i.e., falling at >24 mm d−1 ).
The remaining panels on the left side of Figure 1 show the spatial distribution of events as a function of event
duration, given as a percentage of total events seen by each grid box (note changes in color scale for each
plot). While events lasting >5 days account for 0.003% of all events (see Table 1), they often occur in regions
experiencing very few rain events overall, and thus account for >10% of all events seen by some regions. The
increase of shorter duration events along 180∘ E (and decrease in longer events) is an artifact of the tracking
code not connecting −180∘ E to 180∘ E (the current version of FiT does not support periodic domains).
The percentage of event precipitation falling as a function of event duration is shown in the right column of
Figure 1. Longer-lasting events contribute more to precipitation than they do to event density: for example,
in the northwest Indian Ocean 40% of event precipitation falls in events lasting >5 days, despite such events
accounting for only ∼10% of events seen by these regions. This is consistent with the data in Table 1: longer
events tend to have more intense rainfall and larger spatial footprints (thus, they are more likely to rain in one
place for longer).
Stephens et al. [2016] found that precipitation happens more frequently in the Southern Hemisphere, but
more intensely in the NH. Our data set can provide an event-based analysis of this, albeit only for the region
40∘ S–40∘ N. For all event duration categories the Northern Hemisphere has more precipitation events that are
on average about 3% smaller (2–5 day events around 10% smaller), and on average 1–3% more intense.
3.2. ERA-Interim Comparison
Here we present a preliminary comparison of precipitation events from the TRMM data set with those in
ERA-Interim. For the ERA-Interim data we perform event tracking for the whole globe; however, here we focus
WHITE ET AL.
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Figure 2. (a) Linear regression in time of annual precipitation from TRMM 3B42 data set from 1999 to 2014. Data whited out where the sign of the regression is
inconsistent with the sign of regressed NOAA outgoing longwave radiation data. (b) Annual number of 1–2 day events in the TRMM data set (blue crosses) and
ERA-Interim (red stars). (c) As in Figure 2b but for the number of 2–5 day events.

on the region from 40∘ S to 40∘ N for comparison with the TRMM 3B42 data. Results are summarized in Table 1.
Regridding the TRMM data to the ERA-Interim lower spatial resolution (TRMM ERAI grid in Table 1) reduces
the number of events detected by 85%. Using the same thresholds as before, 73% of the regridded TRMM
precipitation is identiﬁed as part of an event, compared to 26% of all precipitation in ERA-Interim; thus, the
amount of precipitation falling at >24 mm d−1 is substantially underestimated by ERA-Interim relative to the
TRMM data set.
Despite having fewer than half the number of events than the regridded TRMM data, ERA-Interim produces
approximately 1.6 times as many events lasting >5 days. Consistent with this, ERA-Interim underestimates
the fraction of precipitation from events lasting <2 days while overestimating that from long-lasting events:
converting values in Table 1 to total precipitation, 6.0% versus 3.9% of the total precipitation falls in events
>5 days for ERA-Interim and TRMM, respectively. The ERA-Interim data set also overestimates the average
spatial footprint and underestimates the average intensity, particularly for longer-lasting events.
3.3. Local Decadal Variability
Using case studies of localized regions, we demonstrate how this event-tracking method can be used to study
changes in precipitation characteristics. The regions are chosen based on large linear trends in precipitation
from 1999–2014 (avoiding the anomalously large El Niño in 1997–1998). The spatial pattern of linear regressions between 1999 and 2014 is shown in Figure 2, with the chosen regions outlined in black; grid boxes are
masked to white where the sign of the linear trend is inconsistent with the linear trend in NOAA Interpolated
Outgoing Longwave Radiation (OLR) [Liebmann and Smith, 1996] data set (assuming OLR and precipitation
should be inversely correlated). As these data sets are independent, this increases our conﬁdence that we
are studying real variability in precipitation, rather than changes related to the evolution of the satellites and
observing systems in the TRMM data set. The spatial pattern shows similarities to that found by Gu et al. [2016]
in the Global Precipitation Climatology Project (GPCP) data set between 1979 and 2012.
WHITE ET AL.
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Table 2. Linear Regressions (1999–2014) of Event Precipitation in Each Region, Followed by
Regressions in Precipitation Characteristics for Events of Diﬀerent Durationsa

Region

Total Precipitation

Event

Precipitation

Number

Intensity

Trend (mm/yr2 )

Duration

(mm/yr2 )

(events/yr)

(mm/event/yr)
0.001 (1%/yr)*

1

22 (1.5%)

<1 day

14 (2%/yr)*

−

2

−3 (0.4%)

>5 days

−2.5 (−1%/yr)

−0.15 (−14%/yr)∗

−

3

14 (1.5%)

1–2 days

5.2 (2%/yr)∗

5.5 (3%/yr)∗

−0.5 (−3%/yr)∗

2–5 days

4.7 (4%/yr)∗

0.7 (3%/yr)

1.6 (3%/yr)

4

18 (2.7%)

<1 day

7.4 (2%/yr)*

−

0.003 (2%/yr)∗

1–2 days

7.1 (5%/yr)∗

5.9 (5.%/yr)∗

−

2–5 days

2.7(3%/yr)

0.8 (3%/yr)∗

−

a Diﬀerent durations are color coded as well as noted in the table: <1 day; 1–2 days; 2–5 days, and

>5 days. Only values that are statistically signiﬁcant at p < 0.1 are shown.
* Signiﬁcant at p < 0.05.

The selected regions are analyzed to determine how precipitation trends are manifest as changes in event
number and intensity as a function of event duration; results are summarized in Table 2. Linear regression
coeﬃcients are shown for event precipitation; these values are similar to those for total precipitation, except
for region 2, where much of the decrease is in precipitation falling at less than the minimum threshold of
24 mm d−1 , and thus event precipitation shows smaller regressions.
Regions 1, 3, and 4 show increases in precipitation over this period, while region 2 shows a decrease; all regressions are statistically signiﬁcant at the p < 0.1 level for a two-sided p value as calculated by a Wald Test with
a t distribution test statistic (from scipy.linregress). We emphasize that these regions are chosen speciﬁcally
because they feature large trends in precipitation over the time period studied, and should not be considered
suggestive of long-term or global changes in precipitation.
In region 1, in the eastern Paciﬁc deep tropics, the increase in precipitation is due to an increase in the amount
of precipitation falling in events lasting <1 day. The decrease in precipitation in region 2 is primarily due to a
decrease of rain falling below the minimum threshold of 24 mm d−1 ; however, there is also a negative trend
in the number of events lasting >5 days. In regions 3 and 4, farther away from the tropics, increases in precipitation are due to increases in the number of events lasting 1–2 and 2–5 days and an increase in the average
intensity of rain during events lasting <1 day.
The increase in the number of 1–2 and 2–5 day events over regions 3 and 4 is suggestive of an increase in
storminess. Consistent with this, we ﬁnd signiﬁcant increases in annual-mean 200 mb eddy-kinetic-energy
(EKE) calculated from ERA-Interim data, when averaged over region 3 or 4 (EKE was calculated as the time
mean of 6-hourly values of 0.5(u′2 + v ′2 ), where ′ denotes the anomaly from the zonal mean).
There is a signiﬁcant increase in the number of events lasting 1–2 days in each of regions 1, 3, and 4; in regions
1 and 3 this increase is ameliorated by a decrease in the amount of precipitation per event, to the extent that in
region 1 there is no signiﬁcant trend in precipitation from these events. Consistent with these increases, highly
signiﬁcant trends are found for the whole region of 40∘ S–40∘ N in the number of 1–2 day events (1.6%/yr)
and 2–5 day events (1.9%/yr). For both duration bands, there is a related signiﬁcant increase in precipitation
from these events, despite decreases in the corresponding event intensity.
The time evolution of the annual number of 1–2 and 2–5 day events between 40∘ S and 40∘ N is shown for the
TRMM and ERA-Interim data sets in Figures 2b and 2c. The ERA-Interim data provide a ﬁrst check on whether
this strong “trend” is an artifact of the observing system. While the TRMM and ERA-Interim data are based on
some of the same satellite data, Figures 2b and 2c show that the interannual variability of the number of events
is not closely correlated between the two data sets; only the long-term trend is similar. The ERA-Interim data
show a weak, but statistically signiﬁcant (p < 0.05) increase in the number of 1–2 day events between 1980
and 2003; since around 2003 the trend has been much stronger. The strength of the recent trend is unlikely to
be inﬂuenced by the anomalous positive shift in ERA-Interim precipitation in 2006 associated with changes in
the number of assimilated observations of total column water vapor [Dee et al., 2011], as the strongest increase
in 1–2 day events occurs prior to 2006 (Figure 2b).
WHITE ET AL.
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4. Discussion
We present a climatology of precipitation events tracked in space and time for 40∘ S–40∘ N from 1998 to 2014.
To the authors’ knowledge, this is the ﬁrst data set to study the characteristics of precipitation in a way that is
not restricted to a local region.
Shorter events have, on average, lower intensity rainfall and smaller spatial footprints, and although events
lasting <1 day make up over 99.3% of all identiﬁed events, they make up only 57% of total event precipitation.
If we make the approximation that much of the precipitation falling in events lasting less than 1 day is associated with convection, then this result is consistent with the work of Yang and Nesbitt [2014], who suggest that
52% of precipitation from the TRMM precipitation radar can be categorized as convective precipitation.
This method could become a useful tool to characterize and compare precipitation events simulated by
high-resolution general circulation models with observed events. Understanding how biases manifest in
terms of event durations, intensity, travel speeds, and spatial sizes may help guide attempts to improve convective parameterization schemes and ultimately reduce model precipitation biases. We demonstrate such a
comparison on the ERA-Interim reanalysis data set, ﬁnding that much more precipitation falls at <24 mm d−1
in the ERA-Interim data (74%) relative to regridded TRMM data (27%). Some of this diﬀerence is due to an
underdetection of light rain by the TRMM data product [Huﬀman et al., 2007]; however, Berg et al. [2009] estimate that the TRMM precipitation radar misses about 10% of total rain, and thus this is not the sole, or even
dominant, cause. This overestimation of the frequency of light rain is consistent with ﬁndings from general
circulation models [e.g., Dai, 2006]. This bias in rainfall rate contributes to half as many events being detected
in ERA-Interim relative to TRMM. Of the events that are detected, the ERA-Interim data set is biased toward
producing too many long-lived events, that are too large, but have too low intensities.
As an analog for studying the changing character of precipitation events in climate model projections, we
perform an analysis of localized trends in the TRMM data set. We choose four regions that have shown significant changes in precipitation over the TRMM time period. In the eastern tropical Paciﬁc region, the increase
in precipitation is caused predominantly by an increase in precipitation per event for events lasting <1 day.
This is suggestive of an increase in the strength of convection. We ﬁnd no signiﬁcant positive trend in sea
surface temperatures for this region in the HadISST1 data set using the online KNMI Climate Explorer. In two
subtropical regions there is an increase in the number of events lasting 1–5 days, suggestive of increases in
storminess. We ﬁnd consistent increases in eddy-kinetic-energy for these regions in the ERA-Interim data set.
The total number of events between 40∘ S and 40∘ N that last between 1–2 days has signiﬁcantly increased
since 1980, consistent with the increased frequency of mesoscale organized deep convection found by
Tan et al. [2015]. A simultaneous decrease in precipitation per event results in a smaller increase in 1–2 day
event precipitation than would be expected from event density alone. The number of 2–5 day events was
relatively stable until ∼2000, and has seen a sharp increase since then. Whether these changes are an artifact
of the ever evolving satellite data sets, or are representative of changes that have occurred in the character
of precipitation over the past decades, is yet to be ﬁrmly established. That there is a positive trend in 1–2 day
event frequency in both the TRMM and ERA-Interim data sets suggests the trend is real; however, these two
data sets are based on some of the same satellite data. The result is robust to changing the minimum precipitation threshold, and there is no such trend in the smallest, or shortest-lived events, which might have
indicated that increasing spatial resolution of observations was playing a signiﬁcant role. Within the TRMM
3B42 data set the number of data points based on microwave precipitation estimates instead of infrared estimates increases strongly from 1998 to 2003, with little change thereafter. This timing is inconsistent with the
observed trend in the number of events, suggesting that the shift from infrared to microwave estimates is not
responsible for the trend in precipitation events.
If the trend in 1–5 day events is indeed real, examination of the spatial structure may present clues of possible
mechanisms. The strongest positive regressions are seen in the tropical Paciﬁc; this may be related to trends
in Paciﬁc trade winds observed by England et al. [2014]. Similarly, Kim and Ha [2015] show that there has been
a pattern of precipitation in the tropical Paciﬁc that has seen a strong positive regression since 1990, driven
by global warming and natural decadal variability. We note that the Paciﬁc Decadal Oscillation (PDO) index
has generally been decreasing since the mid-1980s.
Event data sets for the TRMM 3B42 and ERA-Interim data have been made freely available online and can
be used to further explore the character of precipitation events. Potential future studies include partitioning
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events by, for example, total event precipitation or spatial footprint; or studying the evolution of event
spatial footprint, or intensity, over event lifetimes. We hope these data will provide a gateway to improving
our understanding of global precipitation as an event-based phenomenon.
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