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Abstract13

Novel precipitation event datasets are created by tracking 3-hourly observed rainfall in14

both time and space in the TRMM 3B42 and ERA-interim datasets. Relative to TRMM,15

ERA-interim data under-simulate the total number of events (factor of ∼0.5), and oversim-16

ulate the frequency of events lasting >5 days (factor of 1.6)Longer-lasting events tend to17

have larger spatial footprints and higher intensity precipitation at any point in their life-18

time, and thus contribute significantly more to total precipitation than shorter events. .19

Precipitation changes in selected tropical and sub-tropical regions are attributed to differ-20

ent event characteristics: some to changes in event rainfall intensity, others to changes in21

the number of events. In the 40◦S-40◦N spatial average, the number of events lasting 1-222

and 2-5 days has significantly increased from 1998-2014 in both the TRMM and ERA-23

interim data. The event datasets, analysis scripts, and selected processed data are freely24

available online.25

1 Introduction26

The water cycle plays a vital role in Earth’s climate and biosphere; improving our27

understanding of variability in water availability is one of the current scientific Grand28

Challenges from the World Climate Research Programme [e.g. Trenberth and Asrar, 2014].29

In a warmer climate, the hydrological cycle is expected to intensify [e.g. Held and Soden,30

2006; Bates et al., 2008; Allan et al., 2010]. The manifestation of such an intensification at31

local levels, however, remains uncertain [Collins et al., 2013].32

Looking at climatological time mean precipitation provides a useful metric for study-33

ing precipitation changes; however personal experience tells us that precipitation occurs in34

discrete events. Venugopal and Wallace [2016] estimate that at any given instant half of35

all tropical rain is concentrated within only ≈1% of the tropics. At one end of the spec-36

trum are small, highly localized events, such as those associated with tropical convective37

cells, while at the other end lie long-lasting events with large spatial footprints, such as in38

tropical or extratropical cyclones.39

Almost 15 years ago, Trenberth et al. [2003] highlighted the need for more research40

on precipitation intensity, frequency, and duration of events, in both observations and41

models. They note that, while the intensity of precipitation falling in individual storms42

may increase in a warmer climate, understanding storm duration changes is key to fully43
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discerning how total event precipitation may change. In addition, studying the spatial foot-44

print of precipitation events is important for understanding flooding risks: intense pre-45

cipitation over a whole river basin is more likely to result in downstream flooding than46

equally intense precipitation over a fraction of the basin.47

The distribution of precipitation in mesoscale convective systems and in the diur-48

nal cycle of precipitation has been well documented [e.g., Nesbitt et al., 2000; Nesbitt and49

Zipser, 2003; Houze et al., 2015]. Some of this work was extended to include identifi-50

cation of discrete cloud features [Liu et al., 2008], and the identification of atmospheric51

fronts and associated precipitation [Berry et al., 2011; Catto et al., 2012] using objective52

detection algorithms. The aforementioned studies examine snapshots of precipitation in53

time, without connecting features from consecutive time periods into precipitation ‘events’.54

Using 3-hourly precipitation observations, Liu [2010] classified long-duration precipitation55

events as times when an event produced rainfall in a gridcell for four consecutive 3-hourly56

periods.57

One of the first algorithms to track precipitation features in both space and time was58

developed by Davis et al. [2006], and used to study mesoscale rain events over the U.S.,59

and evaluate the forecast ability of a regional climate model. Skok et al. [2010] modified60

this event-identification technique to evaluate modelled precipitation event characteristics61

over the Pacific Ocean. A similar technique was used by Chang et al. [2016] to study rain-62

fall events over the U.S., including future changes simulated by a regional climate model63

with a ’business-as-usual’ emissions scenario. Relative to observations, models tend to64

produce events that are longer-lived, and have larger spatial footprints and lower rain in-65

tensities.66

In this study we present results from two new datasets, created by tracking observed67

precipitation events in both time and space using the method developed by Skok et al.68

[2009]. We look at event characteristics of average spatial footprint, total precipitation,69

and rain intensity, as a function of event duration. We emphasize that, in this study, when70

we refer to event duration we do not mean how long it rained in one particular location,71

but the lifetime of the event when tracked in both space and time. To the authors’ knowl-72

edge, the dataset we present in this study is the first such dataset of precipitation events73

across all longitudes. The datasets and all analysis code have been made freely available74

online (see Acknowledgements for URL).75
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2 Event database creation76

2.1 Tracking algorithm77

To identify and track discrete precipitation events we use the ‘forward-in-time’ (FiT)78

algorithm developed by Gregor Skok with collaboration from researchers from the Na-79

tional Center for Atmospheric Research. Full details can be found in Skok et al. [2009,80

2010, 2013]; here we present a brief overview. The first step is to define thresholds in the81

precipitation rate that delineate events. The use of multiple thresholds allows the algo-82

rithm to distinguish distinct but neighbouring meteorological systems. At all time-steps,83

the algorithm identifies all unique objects within the thresholded data. The FiT algorithm84

then finds objects that are linked across multiple time-steps: if any part of the object at85

time t overlaps spatially with any part of an object at time t + 1, these objects are consid-86

ered a single event. The forward-in-time aspect allows an event to split into multiple ob-87

jects and retain a single identity, but does not allow two objects that are initially unique to88

merge at any later time-step. The FiT algorithm code is a freely available software pack-89

age (obtainable from the author Gregor.Skok@fmf.uni-lj.si).90

Identifying and tracking all events in 16 years of 3-hourly 0.25◦x 0.25◦TRMM 3B4291

data takes only 48 hours using a single node of a 32 core, x86_64 linux system, as the92

algorithm is highly optimized for speed. The post-processing code in python takes advan-93

tage of array computations to process the 65,700,428 events, and runs in under 4 days on94

the same system.95

2.2 Precipitation datasets96

The tracking algorithm described above requires gridded precipitation at high tempo-97

ral resolution in order to correctly identify fast-moving events as a single event, and high98

spatial resolution to distinctly identify events with small spatial footprints. The 3-hourly,99

0.25◦x 0.25◦, TRMM 3B42 (V7) gridded observational dataset fulfills these requirements.100

This dataset is one of the TRMM Multisatellite Precipitation Analysis (TMPA) products101

produced as part of the Tropical Rainfall Measuring Mission [TRMM; Simpson et al.,102

1996; Adler et al., 2000] Multisatellite Precipitation Analysis (TMPA) by the NASA God-103

dard Space Flight Center [Huffman et al., 2007; Huffman and Bolvin, 2014]. To construct104

the TRMM 3B42 dataset, data from the TRMM’s precipitation radar (PR) are merged with105

data from infrared and microwave sensors from various additional satellites, with calibra-106
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tion using ground-based precipitation measurements [Huffman et al., 2007]. The merging107

of datasets produces an unprecedented view of the spatial and temporal evolution of pre-108

cipitation in the tropics and sub-tropics, opening a gateway to the characterization and109

study of tropical precipitation in a manner that was not previously possible [e.g., Kikuchi110

and Wang, 2008; Venugopal and Wallace, 2016].111

The blending of datasets is necessary to produce a global-scale dataset with both112

high temporal and spatial resolution; however, such a method is not without caveats. The113

main disadvantage is the lack of consistency in time; the input products change as old114

satellites are retired, new satellites are launched, and satellite orbits are adjusted [Huff-115

man et al., 2007; Huffman and Bolvin, 2014]. Since the beginning of the TRMM in 1998,116

there has been an on-going increase in the number of microwave sounding units available117

for inclusion into the blended product. Much work has been done to blend all the data118

as seamlessly as possible [Huffman and Bolvin, 2014]; however some seams undoubtably119

remain.120

For the analysis presented here, we choose thresholds equal to those given by Skok121

et al. [2013], i.e., 15, 10, 7, 5, and 3 mm 3hrs−1. The analysis was repeated with higher122

thresholds (lowest threshold 6 mm 3hrs−1 and with an additional lower threshold (at 0.75 mm123

3hrs−1). The conclusions presented in this paper are insensitive to these threshold changes.124

Imposing a smaller minimum threshold increases the number of identified events, and in-125

cludes more of the total precipitation in the analysis; however, using too low a threshold126

leads to unrealistically large-scale events as the finite spatial resolution connects nearby127

drizzling pixels into one super-event. By excluding very light rain from the analysis, we128

aim to remove biases related to changes in the detection of light rain by some of the satel-129

lite instruments in the TRMM 3B42 dataset [Huffman et al., 2007; Berg et al., 2009].130

In the merged TRMM 3B42 dataset there are very few missing data points. Prior131

to running the FiT analysis code however, we remove any missing values in the follow-132

ing manner: if there is a non-missing value at the grid-point in question for the timestep133

before and after the missing value, then the missing value is set to the temporal average;134

otherwise the missing value is set to 0. The results in this paper are insensitive to how the135

missing data are treated.136

We remove the most northern and southern 10◦of the TRMM 3B42 data (40-50◦ N/S)137

to avoid a spurious increase in the number of shorter and smaller events in this region due138
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to events leaving or entering the TRMM domain. For comparison, the average meridional139

movement of an event lasting > 5 days in the region of 30-50N or 30-50S is ∼ 3.0 de-140

grees of latitude. The smallest and shortest duration event that can be detected is limited141

by the resolution of the observational dataset, 0.25◦x 0.25◦with 3-hourly time resolution.142

A limitation of this analysis method and data is that we assume a non-zero precipitation143

value means precipitation fell continuously throughout that 3-hour period.144

We conduct a comparison of the climatology of events in the TRMM 3B42 precip-145

itation with that from the ERA-interim re-analysis data [Dee et al., 2011]. For the ERA-146

interim data we calculate 3-hourly precipitation from the 0-12hr forecasts of accumulated147

precipitation. Whilst precipitation in the ERA-interim data is produced directly by the148

model, the model assimilates rain-affected satellite measurements [Bauer et al., 2006], in-149

cluding measurements used in the merged TRMM 3B42 dataset. These datasets are there-150

fore not completely independent. Changes in the ERA-interim data occur at times due to151

errors in the assimilation of rain-affected radiance data from Special Sensor Microwave152

Imager (SSM/I) data [Dee et al., 2011].153

3 Results154

First we explore the climatology of the precipitation events around the globe, includ-155

ing separating events by duration, before moving on to investigate decadal-scale changes.156

The benefit of tracking objects in both space and time is that it allows the study of tempo-157

ral aspects of precipitation events such as total duration, event mean rainfall intensity, and158

propagation speed.159

3.1 Climatology160

Characteristics for events between 40◦S-40◦N are shown in table 1 for all events161

(first line for each dataset), and then as a function of event duration. These values take162

into account changes in gridbox size with latitude. Events lasting less than one day domi-163

nate in number, consistent with the log-log relationship between number of events and du-164

ration shown by Skok et al. [2010]. The average 0-1 day event has a mean 3-hourly foot-165

print of 4.3 gridboxes, and is therefore resolved by the observational dataset. There will,166

however, be some events that are only one gridbox in size, and are thus not resolved. De-167

spite accounting for less than 1% of precipitation events, 25% of all rain falls in 1-2 day168
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events: 1-2 day events last longer than 1 day events by definition, and events with longer169

durations tend to be larger (footprint column) and have more intense rainfall at any given170

time (intensity column).171

Figure 1a shows the spatial distribution of average event density in events per grid-172

box per year, showing the average number of events each grid-box sees passing through173

each year. Each event is counted only once for each gridbox it travels over - this field174

therefore provides a different metric to ’rain frequency’ counts of how many 3-hourly pe-175

riods in a year had precipitation above the minimum threshold. Events with large spatial176

footprints will be counted in many gridboxes. On average, ocean points see 60.3 events/yr177

whilst land points see 58.4 events/yr.178

Figure 1b shows the percentage of total precipitation captured in events at each179

point. With the standard precipitation thresholds (see section 2.2), 81% of total precipi-180

tation in this domain is identified as part of an ‘event’; 19% therefore falls at less than the181

minimum threshold of 24 mm day−1. In the remainder of this paper ‘total precipitation’182

refers to the total TRMM 3B42 precipitation, while ‘event-precipitation’ is that identified183

as part of an event (falling at >24 mm day−1).184

The remaining panels on the left side of figure 1 show the spatial distribution of185

events as a function of event duration, given as a percentage of total events seen by each186

gridbox (note changes in color scale for each plot). While events lasting >5 days count187

for 0.003% of all events (see table 1), they often occur in regions experiencing very few188

rain events overall, and thus account for >10% of all events seen by some regions. The189

increase of shorter duration events along 180◦E (and decrease for longer events) is an arti-190

fact of the tracking code not connecting -180◦E to 180◦E (the current version of FiT does191

not support periodic domains).192

The percentage of event-precipitation falling as a function of event duration is shown193

in the right hand panels of figure 1. Longer-lasting events contribute more to precipitation194

than they do to event density: for example, in the northwest Indian Ocean 40% of event195

precipitation falls in events lasting>5 days, despite such events accounting for only ∼10%196

of events seen by these regions. This is consistent with the data in table 1: longer events197

tend to have more intense rainfall, and larger spatial footprints (thus they are more likely198

to rain in one place for longer).199
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Stephens et al. [2016] found that precipitation happens more frequently in the South-200

ern hemisphere, but more intensely in NH. Our dataset can provide an event-based anal-201

ysis of this, albeit only for the region 40◦S-40◦N. For all event duration categories the202

Northern hemisphere has more precipitation events, that are on average about 3% smaller,203

(2-5 day events around 10% smaller), and on average 1-3% more intense.204

3.2 ERA-Interim comparison205

Here we present a preliminary comparison of precipitation events from the TRMM206

dataset with those in ERA-interim. We obtain the ERA-interim data on a regular latitude-207

longitude grid with resolution 0.75◦x 0.75◦; the data were regridded from the native spec-208

tral T255 grid by the ECMWF’s Meteorological Archive and Retrieval System. As reso-209

lution can strongly affect the detection of precipitation events, the event-tracking software210

is re-run on the TRMM data regridded to the regular ERA-interim 0.75◦x 0.75◦grid: we211

use the Earth System Modeling Framework (ESMF) conservative regridding routine within212

the NCAR Command Language. For the ERA-interim data we perform event-tracking for213

the whole globe; however here we focus on the region from 40◦S-40◦N for comparison214

with the TRMM 3B42 data. Results are summarized in table 1. Regridding to a lower215

spatial resolution reduces the number of events detected, by merging near-by events. Us-216

ing the same thresholds as before, 73% of the regridded TRMM precipitation is identified217

as part of an event, compared to 26% of all precipitation in ERA-interim; thus the amount218

of precipitation falling at >24 mm day−1 is substantially under-estimated by ERA-interim219

relative to the TRMM dataset.220

Despite having fewer than half the number of events than the regridded TRMM data,221

ERA-interim produces approximately 1.6 times as many events lasting > 5 days. Consis-222

tent with this, ERA-interim under-estimates the fraction of precipitation from events last-223

ing < 2 days, while over-estimating that from long-lasting events: converting values in ta-224

ble 1 to total precipitation, 6.0% vs 3.9% of the total precipitation falls in events > 5 days225

for ERA-interim and TRMM respectively. The ERA-Interim dataset also over-estimates226

the average spatial footprint, and under-estimates the average intensity, particularly for227

longer-lasting events.228
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3.3 Local decadal variability229

Using case studies of localized regions, we demonstrate how this event tracking230

method can be used to study changes in precipitation characteristics. The regions are cho-231

sen based on large linear trends in precipitation from 1999-2014 (avoiding the anoma-232

lously large El Niño in 1997-98). The spatial pattern of linear regressions between 1999-233

2014 is shown in figure 2, with the chosen regions outlined in black; gridboxes are masked234

to white where the sign of the linear trend is inconsistent with the linear trend in NOAA235

Interpolated Outgoing Longwave Radiation [OLR; Liebmann and Smith, 1996] dataset (as-236

suming OLR and precipitation should be inversely correlated). As these datasets are inde-237

pendent, this increases our confidence that we are studying real variability in precipitation,238

rather than changes related to the evolution of the satellites and observing systems in the239

TRMM dataset.240

The selected regions are analyzed to determine how precipitation trends are manifest241

as trends in event number and intensity as a function of event duration; results are summa-242

rized in table 2. Linear regression coefficients for event-precipitation are similar to those243

for total precipitation, except for region 2, where much of the decrease is in precipitation244

falling at less than the minimum threshold of 24 mm day−1, and thus event-precipitation245

shows smaller regressions. Values shown in table 2 are for event-precipitation.246

Regions 1, 3 and 4 show increases in precipitation over this period, whilst region247

2 shows a decrease; all regressions are statistically significant at the p<0.1 level for a248

two-sided p-value as calculated by a Wald Test with a t-distribution test statistic (from249

scipy.linregress). We emphasize that these regions are chosen specifically because they250

feature large trends in precipitation over the time period studied, and should not be consid-251

ered suggestive of long-term or global changes in precipitation.252

In region 1, in the eastern Pacific deep-tropics, the increase in precipitation is due to253

an increase in the amount of precipitation falling in events lasting <1 day. The decrease in254

precipitation in region 2 is primarily due to a decrease of rain falling below the minimum255

threshold of 24 mm day−1; however a portion of the negative trend is due to a negative256

trend in the number of events lasting > 5 days. In regions 3 and 4, farther away from the257

tropics, increases in precipitation are due to increases in the number of events lasting 1-2258

and 2-5 days, and an increase in the average intensity of rain during events lasting <1 day.259
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The increase in the number of 1-2 and 2-5 day events is suggestive of an increase260

in storminess over regions 3 and 4. Consistent with this, we find significant increases in261

annual-mean eddy-kinetic-energy (EKE) calculated from ERA-interim data, when averaged262

over region 3 or 4 (EKE was calculated as the time mean of 6-hourly values of 0.5(u′2 +263

v′2), where ′ denotes the anomaly from the zonal means).264

There is a significant increase in the number of events lasting 1-2 days in each of265

regions 1, 3 and 4; in regions 1 and 3 this increase is ameliorated by a decrease in the266

amount of precipitation per event, to the extent that in region 1 there is no significant267

trend in precipitation from these events. Consistent with these increases, highly signifi-268

cant trends are found for the whole region of 40◦S-40◦N in the number of 1-2 day events269

(1.6%/yr) and 2-5 day events (1.9%/yr). For both duration bands, there is a related signif-270

icant increase in total precipitation from these events, despite decreases in the correspond-271

ing event intensity.272

The time evolution of the annual number of 1-2 day events between 40◦S-40◦N in273

shown for the TRMM dataset from 1998-2014 (figure 2b) and for the ERA-interim dataset274

for 1980-2014 (figure 2c). The ERA-interim data provide a first check on whether this275

strong ‘trend’ is an artifact of the observing system; however, as water vapor data used to276

create the TRMM dataset are also assimilated into ERA-interim, these data are not com-277

pletely independent. The ERA-interim data for 1-2 day events show a weak, but statisti-278

cally significant (p < 0.05) trend prior to 2003; however since around 2003 the trend has279

been much stronger. The strength of the recent trend is unlikely to be influenced by the280

anomalous positive shift in ERA-interim precipitation in 2006 associated with changes in281

the number of assimilated observations of total column water vapor [Dee et al., 2011], as282

the strongest increase occurs prior to 2006 (2c). The evolution of the number of 2-5 day283

events also shows a significant increasing trend; however the ERA-interim data show no284

significant increase prior to the TRMM data era.285

4 Discussion286

We present a climatology of precipitation events tracked in space and time for 40◦S-287

40◦N from 1998-2014. To the authors’ knowledge, this is the first dataset to study the288

characteristics of precipitation in this way that is not restricted to a local region.289
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Shorter events have, on average, lower intensity rainfall and smaller spatial foot-290

prints, and although events lasting < 1 day make up over 99.3% of all events, they make291

up only 57% of total event precipitation. If we make the approximation that much of the292

precipitation falling in events lasting less than one day is associated with convection, then293

this result is consistent with the work of Yang and Nesbitt [2014], who suggest that 52%294

of precipitation from the TRMM precipitation radar can be categorized as convective pre-295

cipitation.296

This method could become a useful tool to characterize and compare precipitation297

events simulated by high-resolution general circulation models with observed events. Un-298

derstanding how biases manifest in terms of event durations, intensity, travel speeds, and299

spatial sizes may help guide attempts to improve convective parameterization schemes and300

ultimately reduce model precipitation biases. We demonstrate such a comparison on the301

ERA-interim re-analysis dataset, finding that much more precipitation falls at <24 mm302

day−1 in the ERA-interim data (74%) relative to regridded TRMM data (27%). Some of303

this difference is due to an under-detection of light rain by the TRMM data product [Huff-304

man et al., 2007]; however, Berg et al. [2009] estimate that the TRMM precipitation radar305

misses about 10% of total rain, and thus this is not the sole, or even dominant, cause.306

This bias in rainfall rate contributes to half as many events being detected in ERA-interim307

relative to TRMM. Of the events that are detected, the ERA-interim dataset is biased to-308

wards producing too many long-lived events, that are too large, but have too low intensi-309

ties.310

As an analog for studying the changing character of precipitation events in climate311

model projections we perform an analysis of localized trends in the TRMM dataset. We312

choose four regions that have shown significant changes in precipitation over the TRMM313

time period. In the eastern tropical Pacific region, the increase in precipitation is caused314

predominantly by an increase in precipitation per event for events lasting <1 day. This315

is suggestive of an increase in the strength of convection. We find no significant positive316

trend in sea surface temperatures for this region in the HadISST1 dataset using the KNMI317

climate explorer. In two subtropical regions there is an increase in the number of events318

lasting 1-5 days, suggestive of increases in storminess. We find consistent increases in319

EKE for these regions in the ERA-interim dataset.320
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The total number of events between 40◦S-40◦N that last between 1-2 days has sig-321

nificantly increased since 1980. This result is robust to changing the minimum threshold,322

and there is no such trend in the smallest, or shortest-lived events, which might have in-323

dicated that increasing spatial resolution of observations was playing a significant role. A324

simultaneous decrease in precipitation per event results in a smaller increase in 1-2 day325

event-precipitation than would be expected from event density alone. The number of 2-326

5 day events was relatively stable until ∼2000, and has seen a sharp increase since then.327

Whether these changes are an artifact of the ever-evolving satellite datasets, or are repre-328

sentative of changes that have occurred in precipitation over the past decades, is yet to be329

established. That there is a positive trend in 1-2 day event frequency in both the TRMM330

and ERA-interim datasets suggests the trend is real. Given the lack of independence of331

these two datasets, however, further investigation is required to determine whether we have332

identified a changing character of precipitation over decadal timescales.333

If the trend in 1-2 day events is indeed real, examination of the spatial structure may334

present clues of possible mechanisms. The strongest positive regressions are seen in the335

tropical Pacific; this may be related to trends in Pacific trade winds observed by England336

et al. [2014]. Similarly, Kim and Ha [2015] show that there has been a pattern of precip-337

itation in the tropical Pacific that has seen a strong positive regression since 1990, driven338

by global warming and natural decadal variability. We note that the Pacific ‘Decadal Os-339

cillation’ (PDO) index has generally been decreasing since the mid 1980s.340

Event datasets for the TRMM 3B42 and ERA-interim data have been made freely341

available online, and can be used to further explore the character of precipitation events.342

Potential future studies include partitioning events by, for example, total event-precipitation343

or spatial footprint; or studying the evolution of event spatial footprint, or intensity, over344

event lifetimes. We hope these data will provide a gateway to improving our understand-345

ing of global precipitation as an event-based phenomenon.346
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Figure 2. a. Linear regression in time of annual precipitation from TRMM 3B42 dataset from 1999-2014.

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 dataset from 1998-2014. c.

Annual number of 1-2 day events in the ERA-I dataset from 1980-2014.

347

348

349

350
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Table 1. Average characteristics of events of different durations, for 40◦S to 40 ◦N.351

Duration Events/yr (%) Precip, mm/day

(%)a

Footprint

(×104km2)b

Intensity

(mm/3hrs)

TRMM 3.3×106 2.5 0.33 6.0

0-1 day 99.4% 57% 0.31 (4.3) 6.0
1-2 days 0.6% 25% 3.8 9.9
2-5 days 0.07% 13% 7.5 11.1
> 5 days 0.003% 3.4% 14.7 12.3

TRMM ERAI grid 5.1×105 2.1 1.8 5.4

0-1 day 98.0% 48% 1.6 (2.5) 5.4
1-2 days 1.7% 28% 8.9 8.4
2-5 days 0.3% 18% 15.0 9.3
> 5 days 0.02% 6.3% 23.3 9.9

ERAI 2.2×105 0.86 2.1 3.3

0-1 day 97.7% 30% 1.8 (2.7) 3.3
1-2 days 1.6% 18% 10.3 4.8
2-5 days 0.6% 30% 18.5 5.4
> 5 days 0.09% 21% 35.6 5.4

aPrecipitation in mm/day 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 3.0mm/day (3.3 mm/day) bEvent footprint is the average 3-hourly

spatial footprint over the duration of the event. For 0-1 day events the equivalent value in gridboxes is shown

in parentheses for comparison.

–15–



Confidential manuscript submitted to Geophysical Research Letters

Table 2. Linear regressions (1999-2014) of total precipitation in each region, followed by regressions in

precipitation characteristics for events of different durations. Different durations are color-coded as well as

noted in the table in paranthesises: <1 day; 1-2 days; 2-5 days and >5 days. Only values that are statistically

significant at p<0.1 are shown; an asterix denotes those that are significant at p<0.05.

352

353

354

355

Region Total precip

(mm/yr2)

Event

duration

Precip

(mm/yr2)

Number

(events/yr)

Intensity

(mm/event/year)

1 22 (1.5%) <1 day 14 (2%/yr)* - 0.001

(1%/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)* -
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spheric Processes Laboratory, and PPS, which develop and compute the TRMM 3B42 as362

a contribution to TRMM, and archived at the NASA GES DISC; dataset accessed on Oct363

5 2015. Interpolated OLR data provided by the NOAA/OAR/ESRL PSD, Boulder, Col-364

orado, USA, from their Web site at http://www.esrl.noaa.gov/psd/ . The datasets, and anal-365

ysis code used in this work can be accessed from http://atmos.washington.edu/~rachel/366

precipevents.html.367
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