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Key points:

1.

We track 6.84 million tropical extreme precipitation events and analyze their duration,
intensity, and size over land and ocean.

While 6-12 h events make up a higher percentage over land, 1-6 h events dominate both
regions, with strong land-ocean diurnal differences.

Ocean events are larger/wetter at longer durations, while land events are stronger when

short, reflecting distinct environmental controls.
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Abstract

This study provides a statistical analysis of tropical extreme precipitation events (EPEs) using five
years (2006-2010) of IMERG V06 Final Run data. EPE life cycles and spatial structures are
tracked with a Lagrangian algorithm that allows spatial and temporal gaps and captures both light
and heavy/extreme precipitation. Across the tropics, we identify 6.84 million EPEs (~3.99 million
oceanic and ~2.85 million land) and examine their frequency and key characteristics, including
duration, intensity, rainfall, and areal coverage, over tropical land and oceans. Geographic and
seasonal patterns follow major convective regions, such as the ITCZ, with event counts migrating
meridionally alongside the seasonal progression of tropical rainfall. Local event counts are
dominated by 1-6-h events everywhere, while 6—12-h events make up a higher percentage over
land. Diurnal cycles differ sharply: land EPEs peak in the afternoon, whereas oceanic events
exhibit weaker morning and late-evening peaks. Substantial land-ocean contrasts also emerge in
EPE properties. Oceanic 6-24-h events exhibit larger median and interquartile ranges of areal
coverage, extreme rainfall, and total rainfall than their land counterparts, whereas for 1-6-h events
the opposite holds. Relationships between areal coverage and total rainfall are broadly linear across
several orders of magnitude, with upper bounds consistently larger over the ocean. Instantaneous
attributes show similar linearity but greater scatter and comparable upper bounds across land and
ocean, highlighting the role of duration in controlling rainfall. These results suggest that EPE
characteristics are shaped by local environments and may respond differently to climate change

over land and ocean.
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Plain language summary

Extreme precipitation events (EPEs) can cause flooding, landslides, and major economic losses.
Understanding how these events behave over tropical land and oceans is important for improving
weather prediction and assessing future climate impacts. In this study, we analyzed five years of
satellite rainfall data to track more than 6.8 million tropical EPEs. A tracking method was used
that follows each event through time, even when rain temporarily weakens or shifts location. We
found that 1-6-h duration events are the most common everywhere, but 6—12-h duration events
make up a higher percentage over land. Over land, EPE counts peak in the afternoon when the
surface heats up, while ocean events show much weaker daily variations. Land and ocean EPEs
also differ in size and intensity. Over the ocean, longer events tend to cover larger areas and
produce more total rainfall, while shorter events are generally stronger over land. The link between
event size and total rainfall increases in a predictable way, although ocean events reach higher
upper limits due to longer duration. Overall, the results show that extreme rainfall behaves very
differently over land and ocean, suggesting that each environment may respond differently to

future climate change.
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1. Introduction

Current global climate models (GCMs) produce a weak increase (2.52 + 0.22% K'!, relative
change) in global-mean precipitation with anthropogenic warming in comparison with the lower-
tropospheric moisture increase (6.5-7% K') (e.g., Allan et al., 2014; Flischner et al., 2016;
Oueslati et al., 2016). The low sensitivity of precipitation to warming relative to the moisture
availability simulated by GCMs can be understood to arise from an energetic constraint (e.g.,
Newell et al., 1975; Mitchell et al., 1987; Stephens and Ellis, 2008; O'Gorman et al., 2012; Allan
et al., 2014). However, the rate of increase in extreme (i.e., most intense) precipitation can exceed
the moisture increase rate according to observations and GCM projections (e.g., Allan et al., 2014;
Asadieh and Krakauer, 2015; O’Gorman, 2015; Fischer and Knutti, 2016; Myhre et al., 2019),
especially in the deep Tropics (Norris et al., 2019). Studies have shown that the increase of total
precipitation from extreme events with warming is not just determined by thermodynamic
contributions (6.5-7% K'), but also further altered by dynamical contributions (e.g., Emori and
Brown, 2005; Nie et al., 2018) and possibly by microphysical contributions (Bao et al., 2017; Da
Silva et al., 2021). For example, amplification of large-scale ascent increases the vertical moisture
transport while increases in the degree of convective aggregation may also impact extreme
precipitation (Bao et al., 2017; Da Silva et al., 2021; Dai and Soden, 2020).

Convective aggregation resulting from complicated physical processes can be related to
the changes in convective organization. An example of convective aggregation is humid clusters
surrounded by dry patches simulated in idealized cloud-resolving models (CRMs). The mechanism
for this instability is related to feedback among convection, moisture, clouds, radiation, and surface
fluxes (e.g., Held et al., 1993; Bretherton et al., 2005; Muller and Held, 2012; Wing and Emanuel,

2014; Wing et al., 2017). CRM simulations revealed that daily precipitation extremes are related
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to changes in the degree of convective aggregation, but instantaneous precipitation extremes are
not affected by convective aggregation (Bao and Sherwood, 2019). However, Da Silva et al. (2021)
used an adapted scaling analysis to show that instantaneous precipitation increases significantly
with aggregation, mainly from microphysical contribution though increasing precipitation
efficiency, while dynamic processes (convective drafts) decrease extreme precipitation in a
warming climate. These results point to the need for an observational analysis of the complicated
relationships of clouds, radiation, and extreme precipitation with dynamic and thermodynamic
processes. A better understanding of the linkage of convective organization with dynamic
processes can help to determine the sign of changes in extreme precipitation with global warming.

Most studies of extreme precipitation have focused two key characteristics: frequency and
intensity, and they are often defined as the heaviest 1% or 5% of daily precipitation, computed at
predefined temporal and spatial grids or at some gauge stations (e.g., Zhang et al., 2011; Trenberth
et al., 2017; Myhre et al., 2019). Under this framework, changes in extreme precipitation amount
can be decomposed into two parts, changes in frequency and changes in intensity. However,
although convenient, the use of fixed grids does not capture an extreme precipitation event (EPE)
as a coherent system, i.e., in a Lagrangian sense. Consequently, it cannot effectively detect long-
term trends, because individual stations or small regions are unable to represent the evolving
structure of EPEs, and the resulting signal is small relative to local natural variability (Myhre et
al., 2019).

With the Eulerian framework, there is no information that details the duration, areal
coverage, and total precipitation amount associated with an individual EPE. As a result, we cannot
determine how these EPE attributes vary over time, how they contribute to local and regional

precipitation accumulation, or how they change as the climate becomes warmer. Such attributes
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can only be extracted from high tempo-spatial resolution data, such as the Integrated Multi-
satellitE Retrievals for GPM (IMERG) product from the U.S. Global Precipitation Measurement
(GPM) mission (Huffman et al. 2013, 2020). They cannot be reliably extracted from lower-
resolution gridded data sets or from rain gauge records.

The Lagrangian framework for identifying extreme precipitation has been widely adopted
(e.g., Chang et al., 2016; Davis et al., 2006; Ren et al., 2012; Skok et al., 2009, 2010, 2013).
Traditional precipitation-tracking algorithms, like their cloud tracking counterparts, follow heavy
precipitation features (e.g., > 2 mm h!) continuously in space and time with a fixed intensity
threshold. However, real precipitation systems can be organized yet discontinuous, causing the
fine structure of a localized heavy precipitation event to be fragmented into multiple small, short-
lived events. Zhou et al. (2019) addressed this issue using the high spatial-temporal resolution
IMERG dataset and a variable-threshold approach that permits spatial and temporal gaps in the
tracking and incorporates adjacent light-rain grids. Their method constructs EPEs in spatial-
temporal (xy-t) spaces that depict both the spatial extent and temporal evolution of extreme
precipitation systems. This algorithm enables an accurate depiction of each EPE’s duration, areal
coverage, total rainfall, and propagation over its full life cycle. Using this algorithm, Zhou et al.
(2019) documented statistical characteristics of midlatitude EPEs over the contiguous United
States from April 2014 to March 2018.

The goal of this study is twofold: 1) to examine the statistical characteristics of event-based
precipitation extremes over the Tropics, extending the midlatitude EPE analysis of Zhou et al.
(2019) to tropical regions, and 2) to investigate the contrasts in the statistical characteristics

between tropical land and oceanic EPEs.
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The rest of the paper is organized as follows. Section 2 describes the IMERG dataset, and
the algorithm for extracting EPEs from IMERG dataset. Results are presented in Section 3.

Summary and discussions are given in Section 4.

2. Dataset and methodology

2.1 The Integrated Multi-satellitE Retrievals for GPM (IMERG) dataset

The Integrated Multi-satellitE Retrievals for GPM (IMERG) is a high-resolution
precipitation data set produced by the US GPM Science Team. It provides rainfall estimates at a
spatial resolution of 0.1° x 0.1° and a temporal resolution of 30 minutes (Huffman et al., 2020).
This dataset builds on the earlier Tropical Rainfall Measuring Mission (TRMM) Multi-satellite
Precipitation Analysis (TMPA), which offered coarser resolutions of 0.25° x 0.25° and 3 hours
and covered the latitudes from 50°S to 50°N (Huffman et al., 2010). In contrast, IMERG offers
finer spatial-temporal detail and extends coverage to nearly entire globe.

The IMERG algorithm integrates precipitation estimates from an international
constellation of passive microwave sensors abroad low Earth orbit satellites and infrared sensors
abroad geosynchronous Earth orbit satellites. It also incorporates precipitation gauge analyses to
provide crucial regionalization and bias correction for the satellite estimates. This enables the
IMERG product to study the systematic dependence of precipitation frequency and intensity at
resolutions that surpass those of previous datasets. The data period covers June 2000 to the present
(Huffman et al., 2013, 2020), which includes the TRMM (2000-2015) period and the GPM period
(2014 - present). In the present study, five years of data spanning from January 2006 to December
2010 are analyzed using the V06 Final Run dataset.

2.2 An algorithm for identifying extreme precipitation events (EPEs)
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The EPE algorithm was developed by Zhou et al. (2019), which provided the rationales,

thresholds for extreme and light precipitation, and full algorithm details. Briefly, this algorithm

uses a recursive-fractal approach to connect all precipitating grids (>1 mm h™') across both space

and time that belong to the same system. It extends the object-oriented approach typically applied
to single snapshots (e.g., Mohr et al., 1999; Nesbitt et al., 2006; Liu et al., 2008; Xu et al., 2005)
into a continuous temporal dimension. This classification enables accurate depiction of the

duration, areal coverage, total rainfall, and propagation of an EPE over its entire lifecycle.
Specifically, the algorithm first identifies all extreme precipitating grids into an inventory,

from which the maximum extreme precipitating grid is found. Second, starting from this maximum
extreme precipitating grid, the algorithm recursively aggregates nearby extreme grids into an event
until no additional grids can be included. The included grids are then removed from the extreme
inventory to prevent them from appearing in another EPE. Third, the next maxima are identified
and organized into an event using the same aggregation method as the first event. In this way, the
events naturally expand in both spatial and temporal directions until the inventory is depleted.
Fourth, nearby light rain grids to an extreme grid in an event are included. At the conclusion of
each event, statistical properties and attributes of the EPEs are computed, as listed in Table 1. Note
that “fractal” here refers to how algorithm executes rather than the structure of derived events.
The derived EPEs depend upon the locally varying thresholds for light and extreme
precipitation and on the spatial and temporal gaps allowed in the algorithm. In the EPE algorithm
developed by Zhou et al. (2019), extreme grids are identified using local thresholds defined as the
greater of either the multi-year mean plus 2.5 times the standard deviation or 5 mm h™'. Grids with
precipitation rates below 0.01 mm h'!' are excluded when computing the multi-year mean and

standard deviation. On the other hand, light rain grids are defined as those with precipitation rates
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below the thresholds but above 1 mm h™!. As discussed further below, gaps in both space and time
are allowed within an EPE, reflecting the fact that precipitation systems are organized yet often
spatially discontinuous and temporarily intermittent.

Figure 1 illustrates the locally varying thresholds used to identify extreme precipitation
grids, along with related variables across the tropics. The pattern of mean precipitation rate for the
precipitating grids for the period from July 2006 and June 2010 (Figure 1a) differ significantly
from the more familiar climatological mean, which usually includes non-precipitating grids
(Figure not shown) and the frequency of occurrence (Figure 1b). Mean precipitation rates are
typically 1.0-1.5 mm h™! except for lower values observed over parts of the subtropical oceans,
northern Africa, the Arabic Peninsula, and parts of Australia.

As shown in Figure lc, the extreme threshold is generally more than 5 times the mean
precipitation rate, though it is capped at 5 mm h'! in regions where the mean precipitation rate is
below 1.0 mm h! (Figure 1a). The highest thresholds appear over land areas, rather than over
regions with the highest rainfall frequency such as the ITCZ, the Indian Ocean and the tropical
western Pacific (TWP) (Figure 1b). Overall, extreme precipitation accounts for less than 0.5% of
the total rainfall time over most of the Tropics (Figure 1d). The largest percentages occur in regions
with infrequent rainfall, such as northern Africa (Figure 1b), while percentages are far lower in
areas with frequent rainfall, such as the TWP. This indicates that the threshold is sufficiently
stringent to exclude moderate, long-duration rain events. Consequently, the fraction of time
classified as extreme remains relatively low in persistently rainy regions like the Indian Ocean and
the TWP (Figure 1d).

Allowing spatial and temporal gaps within an EPE is another key feature of the algorithm

developed by Zhou et al. (2019). Because the large-scale environments differ substantially
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between the midlatitudes and the tropics, the gap settings used for midlatitude applications require
adjustment for tropical conditions. Following Zhou et al. (2019), we assessed how the number of
identified events responds to different choices of spatial and temporal gaps between extreme grids.
For midlatitude EPEs over the contiguous U.S., Zhou et al. (2019) used a spatial gap of 50 km
(~0.5°) and a temporal gap of 6 h, reflecting the fast propagation of precipitation systems in that
region. For the tropics, smaller gaps are likely more appropriate. We found that the total number
of events changes little when using a spatial gap of 0.1° with temporal gap of either 2 or 3 h, but
declines more rapidly when larger spatial or temporal gaps are applied. Therefore, we adopted a
spatial gap of 0.1° and a temporal gap of 3 h for extracting tropical EPEs. Further details of these
sensitivity tests are provided in Section 3.1. For light-rain grids, the midlatitude gap settings —
0.2° in space and 2 h in time—are retained for tropical EPEs.
23 Individual EPE examples, attribute definitions, and algorithm implementation

Two examples of long-lasting tropical EPEs are shown in Figure 2 to illustrate the EPE
algorithm. The first event occurred north of the equator over the Indian Ocean and lasted 73 hours,
starting at 15 Z on January 18, 2007 (Figure 2a). The second was located along the South Pacific
Convergence Zone (SPCZ) and lasted 30 hours, starting at 09 Z on January 5, 2007 (Figure 2b).
Colors in the plots show the progression of time from the start (blue) to end (red) of each EPE.

The first EPE propagated northeastwards with an average speed of 9.5 m s\, It exhibited a
clustered structure and weakened near the midpoint of its lifetime, then re-intensified as it merged
with nearby convective systems before ending as a stationary precipitation cluster. The second
EPE was quasi-stationary, oriented from northwest to southwest along the SPCZ. Additional
panels (Figures 2c-e) show precipitation distributions during the early (13Z, January 5), peak (01

Z, January 6), and late (11 Z, January 6) stages of the event. This EPE started as scattered,
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disconnected convective cells along the active SPCZ (Figure 2¢), which gradually merged into a
larger system that reached its maximum areal coverage around the midpoint of the event (Figure
2d). By the late stage, the system had decreased in size (Figure 2¢). Over the 30-hour period, the
system drifted northeastward, moving less than 200 km in total.

Some of the EPE attributes listed in Table 1 are self-explainable, while several others
examined in this study are described here. The start and end times of each event are determined
from the earliest and latest local times at which extreme precipitation occurs. Peak time can be
defined in three ways: as the time of maximum precipitation intensity, maximum areal coverage,
or maximum total rainfall. Throughout this study, including in Figure 2d, “peak time” specifically
refers to the time of maximum areal coverage unless noted otherwise. The end time of an event
may extend beyond the period of extreme precipitation. The term “event duration” is the time
difference between the end and start times, whereas the “extreme duration” refers only to the
portion of the event during which extreme precipitation occurs.

The total affected area, or areal coverage, is the sum of the areas of all grids that experience
precipitation at any time during an event; thus, a grid contributes equally whether it rains once or
over multiple hours. Precipitation depth is defined as the total accumulation at each grid point from
both light and extreme precipitation over the entire event, from which spatial means and maxima
are calculated across the affected grids. Instantaneous areal coverage, precipitation intensity, and
rainfall are calculated hourly from both the extreme grids and all grids separately. Maximum and
mean values of areal coverage, intensity, and rainfall are then derived from these time series. From
the same time series, we also calculated the maximum extreme-to-total ratios for both rainfall and

areal coverage.
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At the onset of this study, we encountered several technical challenges in implementing
the EPE algorithm due to the large volume of IMERG data and limitations in computer memory.
The primary difficulty is that algorithm requires the full data record to be accessible in memory to
extract EPEs across the spatial (x-y) and temporal (t) domains. In Zhou et al. (2019), this was
addressed by loading one month of data at a time to produce multi-year EPE output over the
contiguous U.S.. Temporal continuity between consecutive months was then enforced, allowing
events at the end of one month to merge with those at the beginning of the next.

Because the tropical domain is substantially larger, we adopted a similar strategy but
divided the full domain into three longitudinal subdomains: (1) the central and eastern Pacific
(180°W-60°W, 27.5°S-27.5°N), (2) the Atlantic and Africa (60°W-60°E, 27.5°S-27.5°N), and (3)
the Indian and western Pacific (60°E-180°E, 27.5°S-27.5°N), but still processing one month of
data at a time. Spatial continuity was enforced across adjacent subdomains, allowing EPEs to
extend across subdomain boundaries. Another key difference from Zhou et al. (2019) is that
IMERG data were not used at its native 30-min resolution. Instead, they were aggregated to hourly
intervals to accommodate the much larger study subdomains. This temporal binning may slightly
affect the precise identification of EPE start, peak and end times, as well the delineation of EPE
boundaries. However, it preserves the essential characteristics of most EPEs, making it suitable

for statistical analysis.

3. Results

3.1  Sensitivity tests for spatial and temporal gaps

As discussed in Section 2.2, we assessed how the total number of extracted events respond
to different combinations of spatial and temporal gaps applied to extreme precipitation grids. This

analysis was performed for four representative months of the data record—January, April, July,

13



274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

and October 2007—providing one month from each season. The rational is that the gap sizes
appropriate for extracting midlatitude EPEs are likely too large for tropical EPEs, as tropical
precipitation systems generally propagate more slowly. To further examine this sensitivity, we also
stratified the event counts by both event duration and extreme duration. Given the pronounced
land-ocean contrasts in convective behavior, results are presented separately for tropical land and
oceanic regions.

Figure 3 shows the total numbers of extracted EPEs for five spatial (SP) and temporal (TP)
gap combinations. The number following SP denotes the number of 0.1°x 0.1° grid boxes, and the
number following TP indicates the number of hours. Using the midlatitude gap combination (SP5-
TP6), we extracted 62,695 oceanic EPEs and 49,475 land EPEs. These totals increase by factors
of 2-4 when smaller SP-TP gaps are applied, ranging from 159,251 to 277,213 oceanic EPEs and
from 119,704 t0193,414 land EPEs.

For a fixed spatial gap of 1, increasing TP from 2 to 3 decreases the event counts by 6.1%
(ocean) and 3.4% (land). For a fixed spatial gap of 2, the same increase in TP decreases the event
counts by 7.5% (ocean) and 4.9% (land). These reductions are modest, indicating limited
sensitivity to TP for a fixed SP. However, increasing SP from 1 to 2 for a fixed TP (either 2 or 3
hours) cause event counts to drop by 37.9% (TP2) and 38.8% (TP3) for oceanic EPEs and 34.9%
(TP2) and 36.0% (TP3) for land EPEs, respectively. Thus, the event totals are far more sensitive
to SP than to TP.

To further explore these sensitivities, the total event counts are stratified by both event
duration and extreme duration (Figure 4). For any SP-TP combination, event counts decrease
exponentially with increasing extreme duration (Figures 4a and c¢). However, as event duration

increases, the event counts increase slowly from 1 to 2 h, rise sharply from 2 to 3 h, and then
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decreases exponentially thereafter (Figures 4b and d). Because a 2 h gap is permitted between
extreme and light rain grids, event duration may be up to 2 hours longer than extreme duration,
leading to more frequent 3-6 h events at the expense of 1-2 h events.

As either SP or TP increases, event counts decrease (Figure 3), primarily due to reductions
in short-duration EPEs (< 3 h extreme duration and < 6 h event duration), even though the number
of longer-duration events slightly increases (Figure 4). This pattern indicates that small, short-lived
events tend to be absorbed into nearby systems when the gaps are enlarged, while genuinely
independent events are largely unaffected. This behavior is especially pronounced when SP
increases from 1 to 2. Consistent with the total event counts (Figure 3), both EPE duration and size
(not shown) are more sensitive to SP than to TP, with larger gaps yielding larger and longer events
at the expense of smaller and shorter ones. This redistribution is particularly evident when
comparing the midlatitude SP-TP (SP5-TP06) combination with the four smaller-gap
combinations tested. The midlatitude combination produces substantially reduced event counts for
extreme durations of < 6 h over land and < 10 h over the ocean, and for event durations of < 10 h
over land and < 15 h over the ocean.

For the chosen gap combination (SP1-TP3), a total of 6,840,265 events are identified, of
which 68.5% over the ocean and 69.3% over land last less than 6 hours, while 28.5% of oceanic
events and 29.7% of land events last between 6 and 12 hours. EPEs lasting 12-24 hours account
for 2.70% of oceanic EPEs and 0.95% of land EPEs, while those exceeding 24 hours represent
only 0.33% of oceanic and 0.03% of land EPEs. The normalized percentage distributions indicate
that land exhibits a slightly higher fraction of events with durations between 3 and 12 h, but a
lower fraction of events shorter than 3 h and a substantially reduced occurrence of long-duration

events exceeding 12 h. In particular, the frequency of 12-18 h events over the ocean is
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approximately 2.3 times greater than over land, while events lasting 24—48 h occur nearly an order

of magnitude more frequently over the ocean than over land (Figures 4e and 4f).

3.2 Geographic distributions of five-year tropical EPE frequency and attribute

This section addresses the following questions. How are EPEs distributed across the
tropics? Do their distributions follow the mean tropical rainfall patterns? What are the geographic
variations in key EPE attributes such as intensity, areal coverage, depth and total rainfall for long-

duration events (6—24 h)? How do intensity and depth vary for short-duration events (1-6 h)?

3.2.1 Seasonal variations of tropical EPE frequency

Over the five-year analysis period, a total of 6.84 million EPEs were identified, with 3.99
million occurring over the ocean and 2.85 million over land. Each event was assigned to a 5°X5°
grid based on the longitude and latitude of its center (Table 1). Total event counts for each 5°x5°
grid are shown for the four seasons—December-January-February (DJF), March-April-May
(MAM), June-July-August (JJA), and September-October-November (SON)—in the left column
of Figure 5. These counts are further separated by event duration into 1-6 h (2" column), 6-12 h
(3™ column), and longer than 12 h (right column) categories, representing approximately the
bottom 69%, top 29%, and 2% of all events, respectively.

Although tropical land covers only ~28% of the tropical area, it contributes 42% of all
EPEs. This imbalance partly explains why the consistently higher event counts over land compared
to oceans except for longer than 12 h events, where the number of total events in this category is
significantly low. For example, the number of 5°x5° grid cells with more than 800 events is
substantially larger over land. This pattern holds for 98% of total events at duration ranges from

1-12 h (2" and 3™ columns of Figure 5). As discussed later, two additional factors explain the
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consistently higher event counts over land: 1) land EPEs tend to be smaller and shorter-lived than
oceanic events, and 2) their centers migrate more strongly with seasonal shifts in large-scale
circulation.

Consistent with the seasonal migration of the ITCZ and SPCZ and associated total rainfall
(Wu and Dickinson, 2003), EPE counts follow a pronounced meridional shift, moving northward
from austral (DJF) to boreal (JJA) summers and returning southward from JJA to DJF. This
migration contributes to the pronounced seasonal contrasts in event counts over land. During
boreal summer (JJA), EPEs occur frequently over North America and South Asia while South
America, South Africa, and Australia experience almost no events. The pattern reverses during
austral summer (DJF). During the transitional seasons (MAM and SON), event counts over South
America, South Africa, and Australia remain substantial but lower than in DJF. Over North
America and South Asia, more EPEs occur during SON than MAM, though both seasons exhibit
far fewer events than JJA. The higher SON activity may be related to a delayed seasonal decrease
in soil moisture as land surface cools (e.g., Betts, 2009).

Although mesoscale convective systems can persist over the ocean for extended periods
(Feng et al., 2021), Figure 5 shows that medium-long duration (6-12 h) EPEs are less frequent over
oceanic ITCZ regions than over land, but oceanic ITCZ does have comparable or higher frequency
of longer than 12 h events (last column, Figure 5 and Figure 4f). The medium and long-duration
events occur mostly over low-latitude land areas, including South America (except in JJA), the
TWP, the SPCZ and northern Asia (during JJA only). This suggests that only a small portion of
oceanic mesoscale systems produce extreme precipitation, even though such systems contribute
substantially to total rainfall over the oceans (e.g., Feng et al., 2021; Zhao, 2022). As discussed

later, oceanic EPEs may persist for more than a day and become more frequent than land-based
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EPEs when aggregated over all 5° x 5° grids.

3.2.2 Geographic distributions of annual-mean EPE attribute and frequency

Annual-mean EPE attributes (Table 1) and frequencies are examined separately for
medium-long-duration (6—24 h; Figure 6) and short duration (1-6 h; Figure 7) events. We combine
the 12-24 h events with 6—12 h because of small number of events longer than 12 h. To better
represent their regional statistics, median and interquartile range (IQR) are used instead of means
and standard deviations, as many attributes exhibit large variability and non-Gaussian distributions
(Liu & Zipser, 2015). Attributes include areal coverage, total extreme rainfall, total rainfall,
maximum precipitation depth, and mean extreme-rainfall intensity (Figures 6¢-i and 7c-1). Event
counts and their percentage contributions to all EPEs are shown in Figures 6a-b and Figures 7a-b.
A finer grid size (5°%2.5°) than that used for seasonal maps is chosen to ensure adequate sampling

and smoother spatial gradients.

High event counts for long-duration EPEs are observed along the ITCZ, particularly over
the Maritime Continent, the SPCZ, tropical Africa, and South America (Figure 6a). These regions
also show large percentage contributions (>30%; Figure 6b), consistent with frequent mesoscale
convective systems, Madan-Julian Oscillation (MJO; Madden & Julian, 1971, 1972) convection,
monsoonal rainfall, and tropical cyclones (Feng et al., 2021; Muhammad et al., 2021; Zhou et al.,
2013; Lau et al., 2008). The lowest EPE frequencies are found over subtropical oceanic subsidence

zones and certain inland continental regions.

Median areal coverage is largest over the equatorial oceans and toward the edges of the
Southern Hemisphere subtropics (Figure 6¢), reflecting the influence of widespread cloud systems
embedded in tropical depressions, gigantic mesoscale convective complexes, monsoonal

circulations, and atmospheric rivers. Elevated median areal coverage and large IQRs also appear
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in regions with very low EPE frequencies, such as the central Pacific, the area off the California
coast and the southern Indian Ocean (Figures 6a, 6¢, 6d). These elevated values are linked to rare
but expansive systems such as MJO convective envelopes propagating into the central Pacific,
atmospheric rivers (the California coast), and intruding midlatitude cyclones (the southern Indian
Ocean). In these regions, light precipitation markedly increases areal coverage despite infrequent

occurrence of EPEs.

In contrast, both median and IQR of areal coverage are generally lower over many
continental regions (e.g., inland South Asia) and neighboring oceans, likely due to more localized

convection with shorter life cycles.

Spatial patterns of median extreme rainfall mirror those of areal coverage (Figure 6¢).
Median total rainfall extends more broadly over oceanic and monsoon regions (Figure 6g) and is
typically 2-3 times larger, indicating that light rain significantly contributes to total precipitation.
Ocean-land contrasts in both median extreme and total rainfall are weaker than those seen from
areal coverage. Median maximum precipitation depth (maxDepth) is largest over the Bay of
Bengal, parts of the western Pacific, and coastal Central America and equatorial West Africa
(Figure 61), likely due to prolonged localized heavy rainfall. Median mean extreme-precipitation
intensity (meanHR), which represents the average intensity over an entire EPE lifecycle, follows
a broadly similar geographical pattern but with broader maxima over land and slightly weaker

coastal enhancement (Figure 6;).

IQRs for cumulative attributes (areal coverage, extreme rainfall, and total rainfall) exceed
the median in most regions (Figures 6d, 6f, 6h), indicating substantial variability driven by
monsoons and ITCZ migration (Figure 5). As noted earlier, IQRs over land are much smaller than

over the ocean by a factor of 2-3. In contrast, IQRs for maxDepth and meanHR are closer to the
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medians (Figures 6j, 1), indicating that regional variability in cumulative attributes primarily arise

from differences in event duration rather than intensity.

Short-duration event counts are highest across the ITCZ, the Maritime Continent, the SPCZ,
the Amazon, and tropical Africa (Figure 7a). As expected, the percentage of short-duration EPEs
is largest in regions where all-duration EPEs are least common, such as the southeast Pacific,

southeast Atlantic, and northern Africa (Figure 7b).

Except for areal coverage over northern Africa, both the median values and IQRs of most
attributes are significantly higher over land than over the ocean (Figures 7e-l), although their
magnitudes are 1-2 orders of magnitude smaller than those of long-duration events. This land-
ocean contrast is opposite to that observed for long-duration EPEs. While the IQRs generally
exceed the medians, they usually remain within an order of magnitude, indicating that short-
duration events exhibit relatively less variability than longer-duration events. Variability is even
lower for maximum depth and mean intensity, particularly over land. Notably, the median mean

intensity is comparable to that of long-duration events, even though maximum depth is not.

3.3  Contrasting the statistics of attributes between tropical land and oceanic EPEs

Contrasts between oceanic and terrestrial environments are expected to influence EPE
characteristics, due to greater moisture availability over the ocean and stronger diurnal heating
over land (Nesbitt & Zipser, 2003; Yang & Slingo, 2001). Diurnal cycles of event counts are
composited using local event times (Table 1). Figure 8 shows the percentage of all EPEs occurring
in each hour of the day for the start, peak-volume, and end times for oceanic (blue) and land (red)
EPEs, where the peak-volume time refers to the hour with the maximum total rainfall.

Consistent with the weak diurnal cycle of oceanic convection, oceanic EPE counts exhibit

only modest diurnal variations. They show two weak peaks, one in the early morning for start time
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at 09 h, peak time at 11 h, and end time at 13 h, and another in the late evening for start time at 23
h, peak time at 01 h, and end time at 04 h of next day, respectively. This weak diurnal cycle aligns
well with previous studies showing minimal diurnal variations in open-ocean convection (Yang &
Slingo, 2001; Tian et al., 2004).

In contrast, land EPE counts display a pronounced afternoon maximum, with onset, peak,
and end times at 13 h, 16 h, and 18 h, respectively, consistent with strong daytime heating and
afternoon convective initiation (Nesbitt & Zipser, 2003; Romatschke & Houze, 2010). The
amplitude of the diurnal variation spans ~2% of the daily total over the ocean and up to ~5% over
land, consistent with earlier findings of greater diurnal variability in terrestrial precipitation (Dai,
2001). For reference, a perfectly uniform distribution would allocate 4.167% of events per hour.

Large land-ocean differences also appear in several EPE attributes, due primarily to a
higher proportion of short-duration EPEs over land (Figures 6 and 7). Figure 9 shows joint
distributions of areal coverage versus event duration and total rainfall versus areal coverage for
tropical oceanic and land EPEs. As shown in Figure 4, for portions of the analysis period, event
counts decrease exponentially with event duration after peaking at around 6 h. The joint
distribution of areal coverage versus event duration reconfirms this earlier result. Over the ocean,
event counts associated with approximately median areal coverage (rather than all areal coverages
combined) drop by four orders of magnitude as event duration increases from 24 to 90 h—
approximately one order of magnitude per duration increment (24-35 h, 35-45 h, 45-60 h, 60-90
h). This result is consistent the scale-selective organization of tropical precipitation reported by
Mapes & Neale (2011). Over land, the same four-orders-of-magnitude decrease occurs over a
narrower duration range from 20 to 45 h, compared to 24 to 90 h over the ocean. This reconfirms

that EPE durations are generally shorter and extremely long-lived (> 24 h) events are rare over
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lands, consistent with Romatschke & Houze (2010) and Houze (2012), who noted the transient

nature of orographically and thermally forced convection.

Over both ocean and land, longer-duration events exhibit larger areas and larger total
rainfall (Figure 9). However, these relationships show considerable spread: precipitation areas
span 3 to 4 orders of magnitude for a given duration, and total rainfall spans by up to 2 orders of
magnitude for a given area, despite the more linear relationship between total rainfall and areal
coverage (Figures 9c, d), consistent with Liu & Zipser (2015). The upper bounds of these
relationships are lower over land than ocean, implying that for a given duration, land EPEs produce
smaller precipitation areas and consequently smaller total rainfall. These differences highlight a
key contrast in precipitation efficiency—potentially influenced by moisture availability and
vertical instability structure (Allan & Soden, 2008; Sahany et al., 2012).

Land-ocean contrasts are also evident in the instantaneous EPE attributes such as maximum
hourly rainfall and areal coverage during an event, which exhibit generally linear relationships
(Figures 10a, b), similar to those between total rainfall and areal coverage (Figure 9c, d). However,
deviations from linearity span up to two orders of magnitude for oceanic EPEs at a fixed value of
either maximum rainfall or areal coverage—slightly exceeding the deviations observed over land.
Unlike the relationships involving total rainfall and areal coverage, the upper bounds of these
instantaneous relationships are similar over ocean and land, suggesting that differences in event
duration help explain the larger total rainfall and areal coverage observed over the ocean.

Maximum depths, which represent the highest precipitation accumulation at any grid point
within an event, also show substantial variability with event duration, particularly for long-lived
events. Local precipitation intensity, propagation speed, and event duration all influence maximum

depth and contribute to the land—ocean contrasts illustrated in Figures 10c and 10d. Even at a fixed
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event duration, the tails of maximum-depth distributions extend much farther for oceanic EPEs,
likely reflecting contributions from larger areas.

Overall, these land—ocean contrasts support the hypothesis that EPE characteristics are
governed by distinct local environments, implying that their responses to climate change may
diverge substantially between land and ocean regions (Dong et al., 2024; Pendergrass & Hartmann,

2014).

4. Summary and discussions

This study provides a comprehensive statistical analysis of tropical extreme precipitation
events (EPEs), using high-resolution precipitation data from IMERG. Unlike most previous work,
our approach takes a Lagrangian perspective, tracking the full life cycle of EPEs—including both
light and extreme precipitation. The algorithm we developed accommodates spatial and temporal
gaps not only between extreme precipitation grids but also between light and extreme precipitation
grids. We analyze the frequency of EPE occurrences over land and the ocean and key EPE

attributes such as duration, intensity, and areal coverage.

In this study, we have examined five years of IMERG V06 Final Run precipitation data
over the tropical belt (27.5°S-27.5°N) from January 2006 to December 2010. After assessing how
total event counts and their stratification by event duration and extreme duration respond to
different choices of spatial and temporal gaps applied to extreme precipitation grids, we have
selected a spatial gap of 0.1° and a temporal gap of 3 h. The algorithm has identified 6,840,265
EPEs in total: approximately 3.99 million over the ocean and 2.85 million over land. Of these,
68.5% of oceanic events and 69.3% of land events last less than 6 h, while 28.5% of oceanic events
and 29.7% of land events last between 6 and 12 hours. EPEs lasting 12-24 hours account for 2.70%

of oceanic EPEs and 0.95% of land events, while only 0.33% of oceanic and 0.03% of land EPEs
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exceed 24 h. Land has a slightly higher percentage of events with durations of 3-12 h, whereas the
ocean has a slightly high percentage of events shorter than 3 h and a dominance of events lasting

longer than 12 h.

Geographic distributions and seasonal variations of event counts have been examined
separately for 1-6 h and 624 h duration categories, representing approximately the bottom 70%
and top 30% of all events. Most EPEs are observed over the ITCZ, the SPCZ, and summertime
continents, with higher land-based event counts across most duration categories except for >12 h
events. Their meridional migration follows the seasonal progression of the ITCZ and SPCZ from
austral (DJF) to boreal (JJA) summers and back, consistent with the seasonal cycle of tropical
rainfall (Wu and Dickinson, 2003). Although land EPEs remain prominent during the transitional
seasons, their occurrence is lower than in boreal or austral summer. Moreover, 6—24 h EPEs are
less frequent over the oceanic ITCZ than over land, suggesting that only a small subset of oceanic
mesoscale systems produce extreme rainfall, even though such systems contribute substantially to

total oceanic precipitation (e.g., Feng et al., 2021; Zhao, 2022).

Large land-ocean contrasts also appear in the geographic distribution of EPE attributes. For
6—24 h EPEs, median and interquartile range (IQR) of areal coverages, extreme rainfall, and total
rainfall are substantially higher over the ocean, whereas the opposite holds for 1-6 h events. These
results are consistent with the idea that oceanic environments favor more sustained and organized
convective systems (Romatschke & Houze, 2010; Liu & Zipser, 2015), while continental
convection is more localized and transient (Houze, 2012). Maximum depth and precipitation
intensity during an event tend to be higher over land regardless of duration—possibly due to

stronger convective updrafts over heated surfaces (Liu & Zipser, 2015). Both exhibit IQRs smaller
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than their medians, whereas the opposite holds for cumulative attributes such areal coverage and

total rainfall.

The aggregated tropical EPE statistics also reveal strong land-ocean contrasts. Over land,
EPE counts display a pronounced afternoon peak, with onset, peak, and end times of 13 h, 16 h,
and 18 h, respectively, consistent with strong daytime heating and afternoon convective initiation
(Nesbitt & Zipser, 2003; Romatschke & Houze, 2010). Their diurnal amplitude exceeds the daily-
mean hourly occurrence. Oceanic events show weaker diurnal variations with two modest peaks,
one in the morning and another in the late evening—consistent with the minimal diurnal cycle of

open-ocean convection (Nesbitt & Zipser, 2003; Tian et al., 2004; Yang & Slingo, 2001).

Event durations tend to be shorter over land, with very few extremely long-lived (> 12 h)
events compared to over the ocean. Over both ocean and land, longer-duration events exhibit larger
areal coverages and larger total rainfall. However, these relationships show considerable spread:
areal coverages span 3 to 4 orders of magnitude for a given duration, and total rainfall spans by up
to 2 orders of magnitude for a given area, despite the more linear relationships between areal
coverage and total rainfall with smaller deviations (2 orders of magnitude in total rainfall and 1
order of magnitude in areal coverage). The upper bounds of these relationships are lower over
land, implying that for a given duration, land EPEs produce smaller precipitation areas and

consequently smaller total rainfall.

Instantaneous attributes such as maximum hourly rainfall and areal coverage during an
event also exhibit approximately linear relationships, though with larger scatter. The upper bounds
of these relationships, however, are similar between oceanic and land EPEs, suggesting that
differences in event duration help explain the larger total rainfall and areal coverage observed over

the ocean. These land-ocean contrasts may support the hypothesis that EPE attributes are governed
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by distinct local environments, implying that their responses to climate change may diverge

substantially between land and ocean regions (Dong et al., 2024; Pendergrass & Hartmann, 2014).

In summary, tropical extreme precipitation events exhibit robust land—ocean contrasts in
their frequency, duration, spatial extent, and rainfall accumulation. While instantaneous
precipitation intensities are comparable over land and ocean, longer event durations and greater
spatial organization over the ocean largely explain the larger areal coverage and total rainfall of
oceanic events. These differences reflect fundamental contrasts in convective environments and
impose distinct upper bounds on event size and rainfall production, particularly over land. The
results underscore the importance of event life-cycle characteristics in shaping extreme
precipitation statistics and suggest that land and ocean extremes may respond differently to future

climate change.

Finally, some results may be influenced by the specifics of the EPE algorithm, given the
broad range of tropical extreme events—from isolated thunderstorms, mesoscale convective
systems, atmospheric rivers to fast-moving tropical cyclones. Although the algorithm is designed
to encompass all such events without excessive complexity, the selected spatial and temporal gaps
may not be suitable for every event type, and the flexible extreme-precipitation thresholds may be
restrictive in some regions or seasons. While the behavior of individual EPE attributes may be
sensitive to these factors, the aggregated statistical behaviors of tropical land and ocean EPEs and
their contrasts are unlikely to be significantly affected. A detailed discussion of algorithmic

limitations and their potential effects is provided in Zhou et al. (2019).

In future work, EPE attributes generated from this work will be matched with cloud and

radiative property data (Xu et al.,, 2023) and convective aggregation indices to study how
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relationships among extreme precipitation, moisture, dynamics, convection, and radiation evolve

with convective aggregation and surface warming.
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Table 1. List of extreme precipitation event attributes. Maximum and mean values are
derived from the time series of instantaneous quantities, except for precipitation depth.
“Total” refers to the accumulation over the entire event. The number of parameters and
the unit for each attribute are given in parenthesis. See text for details.

Parameter
Time (4, UTC)

Duration (2, hour)

Location (2, degree)

Total amount (4, m?)

Areal coverage (2,
km?)

Intensity (2, mm h')
Depth (2, mm)

Extreme-to-total
ratio (2)

Propagation speed (4,
m s)

Explanation

Start, peak, and end times of the entire system and end time with
extreme precipitation

The time span of the entire system and the time span with extreme
precipitation only

Longitude and latitude of precipitation intensity-weighted center

Accumulated precipitation amounts from extreme and all precipitating
grids of the entire system (total and maximum)

Precipitation affected area (total and maximum)

Precipitation intensity (total amount divided by areal coverage) of the
entire system (mean and maximum)

Precipitation received at grids over precipitation affected area during
the event (spatial mean and maximum)

Instantaneous extreme-to-total ratios in total amount of precipitation
and areal coverage (maximum)

Speeds in horizontal and meridional directions (mean and maximum)
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Figure 1. Geographic distribution of (a) mean rain rate (mm h™') for grids with instantaneous
rain rates exceeding 0.01 mm h'!, (b) percentage of time with rain rates exceeding 0.01 mm h™,
(b) extreme precipitation threshold (mm h™') used to extract extreme precipitation events, and
(d) percentage of time with extreme rain relative to all raining time. Statistics are based upon
half-hourly, 0.1° x 0.1° IMERG data from July 2006 to June 2010.
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Figure 2. Examples of two extreme precipitation events on (a) January 18-21 and (b) January
5-6,2007. Panels (c), (d), and (e) show the early stage, the peak stage with maximum areal
coverage, and the near-end stage of the second event, respectively. Color represents the

progression of the EPE from start (blue) to peak (green) to delay (red).
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Figure 3. Total numbers of extreme precipitation events (EPEs) from January, April, July and
October 2007 over tropical land (orange) and oceanic (blue) regions for five combinations of

spatial (SP=1, 2, and 5 grid units of 0.1° X0.1° grids) and temporal (TP=2, 3, and 6 h) gaps.
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Figure 4. Number of extreme precipitation events (EPEs) with different spatial-temporal gaps,
stratified by extreme duration (left column) and event duration (right column). Panels (a,b) show
results over tropical oceans, and panels (c,d) show results over tropical land. Panels (e,f) present
the percentage distribution of event durations for the SP1-TP3 case over ocean and land,
respectively, normalized by the total number of events. Event duration may exceed extreme

duration by up to 2 hours because the detection algorithm allows a 2-hour gap between extreme

and light-rain grids.
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768  Figure 5. Geographic distribution of extreme precipitation events (EPEs) for all durations (1st
769  column), durations shorter than 6 h (2nd column), durations of 6—12 h (3rd column), and
770  durations longer than 12 h (4th column), shown for four seasons: DJF (1st row), MAM (2nd

771  row), JJA (3rd row), and SON (4th row)
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Figure 7. Same as Figure 6 but for events with 1-6 h durations.
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(a), peak-volume (b), and end (c) times (blue for ocean and red for land).
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Figure 9. Number of occurrences of areal coverage (total affected area) vs. event duration (top

two plots), and total rainfall vs. areal coverage (total affected area; bottom two plots). The left

two plots are for ocean while the right two plots are for land.
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Figure 10. As in Figure 9, but showing the relationships between maximum hourly areal
coverage (affected area) and maximum hourly rainfall (top two plots), and between event
duration and maximum depth (bottom two plots). The left two plots are for ocean while the

right two plots are for land.
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