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Abstract Extreme precipitation events (EPEs) have the potential to create catastrophic flooding,
landslides, and infrastructure damage. We diagnose the spatial and temporal characteristics of EPEs by
using the Integrated Multi‐SatellitE Retrievals for Global Precipitation Measurement mission (GPM;
IMERG) precipitation estimates to construct spatial‐temporal (xy‐t) EPEs that depict both the spatial extent
and temporal evolution of precipitation systems. EPEs were constructed using a recursive‐fractal approach
to classify the precipitating grids across space and time as belonging to the same system, thus identifying
events. This classification enables the accurate depiction of duration, areal coverage, total volume, and
propagation of each EPE over its entire life cycle. Results from 4 years of IMERG statistics over the
contiguous United States show that the most frequent EPEs have duration between 3 and 6 hr, an affected
area of 103–5 × 104 km2, and a total precipitation volume of 106–108 m3. Spatially, EPEs occur most
frequently in the northwest and northeast in the winter and spring and the southwest and southeast in
summer. Fall has the least number of EPEs, and summer exhibits some of the heaviest and largest
precipitation events. The diurnal cycle in frequency and precipitation volume is most prominent in summer,
weaker in spring and fall, and is not discernible in winter, especially for events lasting fewer than 6 hr. The
event propagation speeds indicate the influence of large‐scale circulations as winter events tend to move
faster than those in the other seasons.

1. Introduction

Extreme precipitation events (EPE) are one of the leading causes of natural hazards to human lives and
society, as they can lead to major flooding, soil erosion, and landslides. Observational and modeling studies
in recent years have shown an overall increased risk of extreme precipitation events in warmer climates
(Zwiers & Kharin, 1998; Hegerl et al., 2004; Groisman et al., 2005; Allan & Soden, 2008; O'Gorman &
Schneider, 2009; Min et al., 2011; Lau et al., 2013; Greve et al., 2014; Kendon et al., 2014; Donat et al.,
2016; Taylor et al., 2017; and many others).

Traditionally, extreme precipitation is defined by computing the maximum precipitation or precipitation
above a given threshold in a set of fixed durations (i.e., 1‐ or 5‐days). Such a threshold of extreme precipita-
tion can be defined globally or locally as a fixed precipitation amount, percentile, or recurrence interval, that
is, return period. International working groups on extreme events have proposed 10 indices for extreme pre-
cipitation, including annual maximum 1‐ and 5‐day precipitation, number of heavy (>10 mm/day) and very
heavy (>20 mm/day) days, annual total precipitation from top 95% and 99% days, and maximum consecutive
wet days (Donat et al., 2013; Zhang et al., 2011). While all of these precipitation indicators capture important
aspects of the precipitation characteristics, they do not cover all aspects of EPEs. Daily resolution precipita-
tion indicators will not capture the duration and maximum intensity of subdaily precipitation events. The
spatial scale of regionally heavy precipitation cannot be represented by any grid‐based precipitation indices,
as the traditional method of analysis of grid‐based precipitation data sets with fixed spatial and temporal
resolution tends to treat precipitation in each grid box and time interval as an isolated event, or a snapshot,
rather than an evolving, propagating event.

This study leverages the expanded information content of newer data sets and describes a fractal‐based
methodology to understand precipitation characteristics that cannot be extracted from older data sets and
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methodologies. The duration, spatial extent, and speed of storm propagation contribute to the local and
regional precipitation accumulation and affect the impact of heavy precipitation events. These characteris-
tics have been difficult or impossible to extract from older, lower‐resolution gridded data sets.

The stakes for understanding duration, extent, and propagation of EPEs are high. Climate change studies
suggest that extreme precipitation will become more intense and of shorter duration as the climate warms
(Haerter et al., 2010; Kendon et al., 2014; Prein et al., 2017; Utsumi et al., 2011). With increasing local
temperature, the temporal distribution of extreme precipitation within a storm could have a narrower peak,
potentially leading to more flash flooding (Wasko & Sharma, 2015; Westra et al., 2014). Weaker tropical
circulation leading to slower moving systems could also increase the precipitation recycling rate and the total
accumulation for a given location (Dwyer & O'Gorman, 2017; Kossin, 2018). Meanwhile, Taylor et al. (2017)
found intensification of mesoscale convective system (MCS) in the West Africa Sahel since 1982 due to
increased meridional temperature gradient and wind shear. An improved understanding of extreme
precipitation in the current climate, its variability, and controlling mechanisms will benefit future climate
projection efforts.

As many of the EPEs have temporal scales of only a few hours, it is evident that temporally high‐
resolution (e.g., half‐hourly or shorter) precipitation observations are necessary to characterize extreme
precipitation and detect any small changes, especially for subdaily events leading to flash flooding.
Previously, station‐ or grid‐based precipitation duration has been computed to describe the persistence
or longevity of the system at a given station or grid (Dairaku et al., 2004; Trenberth et al., 2017; Wu
et al., 2018). A multiday system will usually produce more total precipitation for a specific location.
However, multiday precipitation systems usually move with a transient synoptic weather system in
middle‐ and high‐latitudes and tropical waves, meaning that Eulerian grid‐based duration statistics do
not capture the true longevity of the system.

Precipitation system sizes have been studied extensively with connected satellite imagery (Mohr et al., 1999;
Nesbitt et al., 2006; Liu, 2011). A useful example is the precipitation feature (PF) database generated by the
University of Utah/Texas A&M‐Corpus Christi (Liu et al., 2008; Liu & Zipser, 2015). The PFs are constructed
based on continuous precipitating pixels from the Tropical Rainfall Measuring Mission (TRMM)
Precipitation Radar and TRMM Microwave Imager during the TRMM era (Liu et al., 2008), and the
Global Precipitation Measurement mission (GPM) Dual Polarization Radar and GPM Microwave Imager
more recently (Liu & Zipser, 2015). Each PF is a snapshot of the cloud and precipitation system that, when
combined with other snapshots from different systems, can be accumulated to create statistics about system
life cycles. Life cycles measured in binned mean size/volume of PF labeled by time of day provide some
insights on how precipitation systems vary diurnally (Liu & Zipser, 2008; Nesbitt & Zipser, 2003; Zhou
et al., 2013).

To consider precipitation events as a moving system with a spatial scale, Dwyer and O'Gorman (2017)
constructed precipitation events from climate model simulations with a duration and a zonal length. They
find that the speed of zonal movement of a heavy precipitation center is correlated well with zonal wind
speed at 600 mb. However, since their methodologies only consider the zonal direction, their measure of
length cannot represent a true spatial scale or the total volume of precipitation systems, which display a vari-
ety of complex spatial structures. Midlatitude squall lines are rarely oriented purely zonally or meridionally,
and their propagation may vary from the geostrophic zonal wind (Trenberth & Zhang, 2018). Thus, a spatial
extent accounting for both zonal and meridional directions over time is essential to capture the full spatial
scale and propagation of a precipitation system.

An object‐oriented approach of defining precipitation events has emerged in recent years, in which precipi-
tation events are defined with statistical tracking methods (Chang et al., 2016; Davis et al., 2006; Skok et al.,
2009, 2010, 2013). A similar cloud‐tracking algorithm is used to track tropical convection (Dias et al., 2012).
Using an algorithm developed by Skok et al. (2009), White et al. (2017) tracked heavy rainfall events
(>24 mm/day) in space and time, using 3‐hourly TRMM data from 40°N–40°S with a focus on rainfall
duration. Ren et al. (2012) developed an algorithm to track regional heavy precipitation system using station
data. These algorithms expect the precipitation or cloud field to be continuous in space and/or time, meaning
that a noncontinuous (but still organized) system may not be interpreted correctly. The fine structure of
heavy regional precipitation would be missed.
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The U.S. GPM Science Team produces an Integrated Multi‐satellitE Retrievals for GPM (IMERG) at a
0.1° × 0.1°, 30‐min resolution (Huffman et al., 2018). This data set builds on the legacy of the TRMM
Multisatellite Precipitation Analysis at 3‐hourly, 0.25° × 0.25° resolution and 50°S–50°N coverage
(Huffman et al., 2010). The IMERG algorithm merges precipitation estimates from an international constel-
lation of passive microwave sensors from low Earth orbit satellites and geosynchronous Earth orbit infrared
sensors. The research version of IMERG incorporates precipitation gauge analyses to provide crucial regio-
nalization and bias correction to the satellite estimates. The IMERG product provides a unique opportunity
to study the systematic dependence of precipitation frequency and intensity at a higher temporal and spatial
resolution than previous precipitation products. The IMERG data set also allows for the construction of
extreme events with two spatial dimensions plus a time dimension that can be used to study the life cycle,
impact area, depth, and many other characteristics of EPEs not previously accessible from older data sets.

Section 2 describes the algorithm for constructing EPEs from IMERG and some case studies. Section 3
presents statistical results in association with various properties of EPEs over the contiguous United States
(CONUS). A brief summary and discussion are provided in section 3.

2. Constructing Precipitation Events From IMERG
2.1. Algorithm Description

Developing the EPE algorithm begins with defining what constitutes an EPE. Events with prolonged intense
precipitation and covering a large area that could lead to major flooding and disaster, such as those asso-
ciated with tropical cyclones and monsoon troughs can be considered as EPE. But not all EPEs have to have
large temporal or spatial scales. A localized thunderstorm with a heavy downpour over the period of a couple
of hours can also be extreme and cause localized flash flooding. In contrast, some synoptic precipitation sys-
tems may not be extreme in terms of precipitation intensity but can be extreme in terms of total volume and
area coverage. Furthermore, a given rain rate could be moderate in a wet region, but quite extreme in a dry
region. Of course, the hydrologic impact of a given rain rate depends on multitude of factors such as soil
moisture. But here we only focus on precipitation itself relative to its local climatology. To encompass all
these situations, we require that all the EPE events have some locally defined extreme precipitation cells
to start with. An EPE could have multiple discontinuous (locally) extreme cells in space and time and light
precipitation grids surrounding these cells. Here, we define a local extreme threshold at each grid as (mean
+2.5 × stdev) based on raining grids/periods (>0.01 mm/hr) during March 2014 to February 2018 (Figure 1).
Over CONUS, every grid has rain only 2–8% of the study period (Figure 1b). Therefore, the mean rain rate for
the raining period (Figure 1a) is much higher than the mean rain rate over the entire study period (Figure 1a
multiplied by Figure 1b). The extreme threshold (Figure 1c) is generally more than 5 times of the mean rain
rate for the raining period, and the number of grids that qualifies as extreme is generally less than 1.5% of all
raining grids (Figure 1d), and even lower if all grids are considered (Figure 1d multiplied Figure 1b). This
threshold is high enough to exclude moderate rain events, but not events with longer duration or larger size
but less intense instantaneous rain rates.

Constructing xy‐t EPEs is not a trivial task because their multidimensional nature imposes potentially large
computer memory requirements. The algorithm must be quick and efficient, as well as avoid loading the
entire data set into the memory. The simplest method for grouping precipitating grids into events is to search
a region with a given center and a radius. This method works well for circular systems with known centers,
such as tropical cyclones (Zhou et al., 2010) and elliptically organized convective systems (Liu & Zipser,
2015) but would be difficult for linearly oriented convective systems such as squall lines because the specified
radius could either be too large or too small. Too large a radius will mistakenly lump independent events into
the same event, while one that is too small will cut off areas that belong to the same system. In this work, we
first group the aforementioned extreme grids into events using a recursive‐fractal approach: using precipita-
tion maxima as a starting point, we recursively aggregate the nearby extreme grids into an event until no
more grids can be found that meet the specified conditions. We then find the next maxima and organize
an event in the samemanner as the first event. In this way, the events grow in spatial and temporal directions
following their natural shape. Note that “fractal” here refers to the manner of algorithm execution rather
than the structure of derived events. The specific algorithm is as follows:
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Assuming R is the precipitation rate at any given instance at grid (x, y), Z, and σ are the mean and standard
deviation of the precipitating grid (>0.01 mm/hr) for this grid during the entire period, respectively. Rc is the
local extreme precipitation threshold, and r and w are the searching radius and time window from the cur-
rent precipitating grid, respectively. We use d1(t1) and d2(t2) as tunable distance (time) intervals for the
extreme and light precipitating grids, respectively. The procedure is

1. Define local thresholds Rc(x,y) as

Rc x; yð Þ ¼ Z x; yð Þ þ 2:5σ x; yð Þ (1)

In regions where Rc < 5 mm/hr, Rc is set to be 5 mm/hr.

2. Find all extreme grids R > Rc(x,y) to form an extreme inventory (EXT).
3. Find the maximum in EXT, that is, G1(x,y,t). Search EXT for any grid (G2) that is a neighbor of G1(r < d1,

w < t1) in the event.
4. Recursively search EXT for the neighboring grids of G2, until no more grids can be included in the event.

Each time a grid is passed into an event, it is deleted from EXT.
5. For every extreme grid in the event, include nearby light rain (r < d2, w < t2) and R > 1.0 mm/hr in the

event.
6. Repeat Steps 3–5 until no more grids are left in EXT.
7. Compute statistics of each event.

Figure 1. Maps of precipitation for (a) Mean rain rate of raining grids grids (>0.01 mm/hr), (b) Percentage of raining time, (c) Extreme threshold used in this study,
and (d) percentage of all grids identified as extreme grids versus all the raining grids. Statistics are based on half‐hourly, 0.1° × 0.1° Integrated Multi‐SatellitE
Retrievals for Global Precipitation Measurement mission data from March 2014 to February 2018.
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In the above algorithm, the parameters r and w allow for some gaps between the precipitation grids, since
precipitation is not completely continuous in both space and time. Figure 2 shows the evolution of two
EPEs in space, one moving from the northwest to the southeast on the West Coast of the United States on
9–10 January 2017 (Figures 2a and 2c) and another squall‐like MCS moving eastward across the Great
Plains on 5–6March 2017 (Figures 2b and 2d). The upper panels, which show the extreme precipitation grids
only, are not continuous in space because the algorithm allows gaps between extreme precipitation grids. In
the lower panels, lighter precipitation grids fill up most of the gaps between the extreme precipitation grids.
The algorithm captures the event evolution in both temporal and spatial directions. Figure 3 provides
snapshots of precipitation intensity of the squall line system (Figures 2b and 2d) at the early, peak, and late
stages, respectively. The change of intensity and areal coverage during its lifetime, as well as the eastward
movement of the system, is captured realistically in these plots.

It is not easy to determine whether two separate precipitation cells belong to the same large system or
should be considered as independent systems. In large systems such as tropical cyclones, the distance
between rain bands could be over hundreds of kilometers, while independent unit cells have a scale of
tens of kilometers. To determine an optimal searching distance and time interval, we conducted sensitivity
studies of the EPE identification algorithm during June–August 2017 over CONUS to see how the number
of identified events changes with w and r (Table 1). If the number of extreme events decreases dramati-
cally with slight increases in w and r, those diminished events could be easily absorbed into nearby events,
while truly independent events would remain independent. We observe that the number of events
decreases with increasing searching distance and time interval, as expected. However, the rate of decrease
in the number of events is not linear. The drop of the number of events from one spatial interval to the
next is about 30% for smaller temporal intervals and as low as 6% for longer time intervals. From one tem-
poral interval to next, there is an average of between 12.5% and about 25% decrease in the number of
events. The sharpest overall decrease occurs at 90 km and 1.5 hr. Trenberth and Zhang (2018) reported
an e‐folding distance of spatial covariance at about 50 km that could be considered as typical size of
the precipitation system in midlatitude continental climate zones. Based on these observations and visual
inspection of derived precipitation events, w and r are set to 50 km and 6 hr for this study. Future work
could make these parameters adjustable based on climate regimes and precipitation system morphologies
in the area of interest.

Figure 2. Precipitation grids showing a southeastward propagating winter storm (a and c) for 9–10 January 2017 and an eastward propagating system (b and d) for
5–6 March 2017. The top panels (a and b) only show the grids identified as heavy precipitation; the lower panels (c and d) show both the heavy and the surrounding
light rains. The thresholds for heavy precipitation vary by gridded location, as described in the text. The light precipitation has a minimum threshold of
1 mm/hr. Color is evenly distributed across the duration of the events, with blue and red indicating the beginning and ending of the event, respectively.
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As described, the algorithm requires that the entire data record be loaded in the memory for the algorithm to
group events in both spatial and temporal domains. Due to the high spatial and temporal resolution of
IMERG data, this is extremely challenging. We break the computation down into individual months, which
means additional computational methodologies have to be exploited. Because the mean and standard devia-
tion of the entire data set cannot be calculated from monthly mean and standard deviation, a new formula-
tion has to be derived for each quantity (see appendix A). In addition, we require temporal continuity that
can merge precipitation events at the end of one month with possible events in the next month.

2.2. Case Studies

As stated in the above section, one of the difficult issues in constructing EPEs is determining whether spa-
tially and temporally separated precipitating grids belong to the same large system. Here we examine two
scenarios illustrating the challenges and the overall capability of the algorithm to identify EPEs. One EPE
is associated with a hurricane and another with concurrent atmospheric river (AR) events. We selected
Hurricane Harvey, which made landfall near Rockport, TX, in August 2017, and a period with a set of active
atmospheric river episodes in the coastal North Pacific during winter 2014–2015.
2.2.1. Hurricane Harvey
Harvey started as a typical weak, August tropical storm that affected the Lesser Antilles and dissipated over
the central Caribbean Sea. However, after reforming over the Bay of Campeche, Harvey rapidly intensified

into a category 4 hurricane on the Saffir‐Simpson Hurricane Wind
Scale before making landfall along the middle Texas coastal bend.
The storm then stalled, with its center over the northern Texas coast
near Houston for 4 days, dropping historic amounts of precipitation
totaling more than 1,500 mm over southeastern Texas and western
Louisiana (Blake & Zelinsky, 2018). Based on Harvey's record, we
selected a domain (25°N–35°N, 102°W–87°W) and a period (23–31
August) and then assumed all the precipitation events within this
domain and period were associated with Harvey. Ideally, we would
hope to identify a single event that included all EPEs from hurricane
Harvey rather than splitting into many events. This proved to be dif-
ficult. For the algorithm with 50‐km/6‐hr limits, we found a total of
84 events. The top two events are shown in Figure 4. The first event

Figure 3. Precipitation fields showing the squall line system (Figures 2b–2d) in the (a) early, (b) mature, and (c) late stage during 5–6 March 2017. Color indicates
the precipitation intensity.

Table 1
Number of EPEs Computed From Sensitivity Tests With Different Allowable
Distance and Time Intervals Between Precipitating Grids to be Considered in the
Same Extreme Event System for Data From JJA 2017

r\w (km) 1.5 hr 3 hr 6 hr 9 hr 12 hr 18 hr

30 17393 14144 11884 10887 10169 8822
50 13121 9631 7484 6620 5972 4757
70 10641 7034 5019 4290 3727 2807
90 8916 5436 3613 2993 2540 1805

Note. Events with single extreme precipitation grid are not included in this
calculation.
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(Figure 4a) covers almost the entire period (23–30 August) and captures 89.5% and 77.6% of all extreme and
total precipitation from all the EPEs in this period, respectively, while the event in Figure 4b captures 7.8%
and 7.3% of extreme and total precipitation, respectively. Together, the top two events capture 97% of the
extreme precipitation and 85% of total precipitation from all EPEs during this period (Figure 4). The
remainder are small events with total volume less than 0.5% of the volume captured in the main event
(Figure 4a).
2.2.2. AR‐Related EPEs
Atmospheric rivers are narrow, elongated, synoptic bands of water vapor that play important roles in the
global water cycle and regional weather/hydrology. The example in Figure 5 is from winter (December–
February, DJF) 2014–2015. The AR trajectory was downloaded from the University of California‐Los
Angeles AR database developed by Guan and Waliser (2015). The construction of AR events is based on
integrated water vapor transport from 6‐hourly fields of ERA‐Interim reanalysis and the outputs include
the AR shape, axis, landfall location, and basic statistics of each detected AR. In Figure 5, we show the top
eight extreme events in terms of total volume in the West Coast in the domain (west of 110°W and north
of 32°N) with concurrent AR events (axis). We observe that all the major extreme events except one
(Figure 5g) have concurrent AR events crossing the region that bring moisture from the Pacific Ocean to
the West Coast. Note that many AR regions do not show precipitation in these figures because only one
EPE was shown in each figure. The top eight events shown in Figure 5 contain 55.1% and 67.6% of total
and extreme precipitation, respectively, of all EPEs in DJF 2015, which corresponds to about 30% of overall
precipitation. Here, we have a larger domain and longer time period than for Hurricane Harvey, so there are
many smaller events not associated with these major events. This EPE data set will facilitate a more detailed
study connecting EPEs with the AR events globally.

3. Results

For each of the events, a range of event parameters can be calculated to characterize the spatial‐temporal
structure and evolution of the event (Table 2). The parameters include event‐oriented characteristics such
as event duration, total, or accumulated precipitation volume; total affected precipitation area; accumulated
precipitating area; and mean and maximum precipitation depth.

The storm start, peak, and end times provide useful information about the life cycle of precipitation events,
especially for subdaily events. The start and end times are the local time computed from the earliest and lat-
est grids of the entire event. Duration is simply the time difference between the latest and earliest grids. Total
affected area is computed with all the spatial grids in the event with careful consideration that each grid has
multiple precipitation occurrences during the event. Precipitation depth is computed for each grid point in
the affected area by summing up all the precipitation received in this grid during the entire event. A maxi-
mum and mean depth are computed from all the affected grids. Instantaneous (half‐hourly) area coverage
and total volume are calculated every half hour during the entire event from the extreme grids and all grids
of that time separately so that maximum half‐hour rain volume and area can be computed, in addition to
maximum extreme‐to‐total ratio in volume and area, respectively. The time into event when maximum
instantaneous volume, area, or extreme‐to‐total ratio occur are also recorded. The total volume of the event
is the sum of all half‐hour volumes.

Figure 4. Extreme events associated with hurricane Harvey during 23–30 August 2017. The storm track of Harvey within the domain is shown by the purple line.
Color indicates propagation of events as in Figure 2.
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In addition, we compute the system propagation speed in both zonal and meridional directions by tracking
the movement of the center of event at each time step. The event center is defined as average location of all
precipitating grids at any instance weighted by precipitation rate. It is usually near the most heavily precipi-
tating grid at any instant.

These parameters provide a comprehensive description of precipitation events, including both their structure
and time evolution. Statistics can be derived from these parameters to characterize precipitation events on a

Figure 5. Top eight events by total volume (colored dots with colors indicating propagation of events as in Figure 1) during D2014‐JF2015 for the West Coast
(center location east of 110°W, north of 32°N) with concurrent atmospheric river (AR) events (black blocks). Note that only one extreme precipitation event is shown
in each figure but AR events are not limited to the region. Only one event does not have an AR event in the region. These events correspond to 50% and 65%
of total and extreme precipitation in the entire season in the region, respectively.

Table 2
Statistical Parameters of Extreme Events

Time Start, end time of the entire system and period with extreme precipitation.

Location Center longitude and latitude
Duration Entire system and period with extreme precipitation
Volume Entire system and those from extreme and light precipitating grids
Depth Maximum and mean in precipitation affected area
Areal coverage Total affected area and maximum instantaneous precipitation area
Intensity Maximum and mean intensity of the entire system
Extreme‐to‐total ratio Maximum instantaneous extreme‐to‐total ratios in volume and area
Peak time Time into events when maximum intensity and extreme‐to‐total ratios occur
Propagation speed Mean and maximum in horizontal and meridional directions
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regional and seasonal basis and to monitor changes in event characteristics over time. In the following sec-
tions, we will analyze some of the EPE characteristics over the CONUS domain (25°N–50°N, 125°W–65°W)
derived from 4 years of IMERG V05b data (April 2014 to March 2018). In particular, all the histograms are
based on events with center locations over CONUS.

3.1. Spatial Distributions of EPEs

The EPEs defined in this study have a wide range of volume, size, and duration. Some have the potential to
cause floods and major disasters in a larger area, while others are extreme in a very local and instantaneous
context. Here, we show spatial distributions of EPEs for all events (Figures 6a–6d) as well as those with short
(<6 hr, Figures 6e–6h) and intermediate (6–24 hr, Figures 6i–6l) durations. Events with significant total
volume, affected area, and considerable maximum depth are shown in Figure 7.

In the Pacific Northwest, wintertime (DJF) has the most frequent EPEs due to the southward shift of the
upper level jet stream and the low‐level transport of moisture from the Pacific Ocean. Orographic enhance-
ment by coastal mountain ranges of the wintertime moist convergent flows can also result in EPEs (Mock,
1996). These events occur at a lower frequency in the spring (March–May, MAM), even less in the fall
(September–November, SON), and are largely absent from summer (June–August, JJA). In the northeast,
the high frequency of EPEs is usually caused by tropical and extratropical cyclones, the latter storms defined
as “nor'easters” (Agel et al., 2015; Kunkel et al., 2012; Pfahl & Wernli, 2012). Nor'easters occur in east coast
fromOctober to April, with themost frequent occurrence in January and February. From late spring through

Figure 6. Spatial distribution of rain events for all events (top), duration <6 hr (middle), and 6–24 hr (bottom) in different seasons. DJF = December–February;
MAM = March–May; JJA = June–August; SON = September–November.
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early fall, MCSs are frequent in this area, sometimes moving from Canada and the Great Lakes region (Agel
et al., 2015), and tropical cyclones occur in the summer.

In the southwestern United States, most of the summer precipitation comes from the North American mon-
soon that starts in July and ends in mid‐September (Higgins et al., 1997; Vera et al., 2006). The monsoon
moisture from the Gulf of California and the Gulf of Mexico, coupled with local afternoon convection, results
in thunderstorms during the season. A swath of high frequency of EPEs can be seen in JJA along the
monsoon pathway from the Desert Southwest through the Rocky Mountains. In the southeast United
States, EPEs are most frequent in the summer season, when large amounts of moisture from the Gulf of
Mexico and Atlantic Ocean intrudes into the coastal states, with occasional tropical cyclones and their
remnants spawning EPEs in this region. Most of the EPEs in this region appear as MCSs (Konrad, 1997;
Schumacher & Johnson, 2006). The high frequency of EPEs in Florida in JJA is a result of daily
thunderstorms that are due to interactions between the large scale (synoptic) wind flow in the lower levels
of atmosphere, and the various smaller scale sea, lake, and river breezes in the region (Atkins &
Wakimoto, 1997). Figures 6a–6d is consistent with many publications describing the seasonal precipitation
variability and system types on the various regions of CONUS. The purpose here is to illustrate how the event
identification algorithm produces maps consistent with detailed regional studies often laboriously conducted
from station data (Mock, 1996; Vera et al., 2006; Schumacher & Johnson, 2006; Agel et al., 2015, and others)

The frequency distributions of 0‐ to 6‐ and 6‐ to 24‐hr systems are generally quite similar to the all‐event dis-
tribution. The number of 6‐ to 24‐hr events is much less than the <6‐hr events in most of the regions, except

Figure 7. Frequency distributions of events with large total volume (>2.5 × 107 m3; top), larger affected area (>7 × 103 km2; middle), and large maximum depth
(>12 mm) in each season. DJF = December–February; MAM = March–May; JJA = June–August; SON = September–November.
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in the southeast and Florida Peninsula where 6‐ to 24‐hr events outnumber the <6‐hr events in summer
and fall.

The frequency distributions of larger events, that is, total rain volume > 2.5 × 107 m3 (Figures 7a–7d) and total
affected area >7,000 km2 (Figures 7e–7h), are quite similar to those of longer durations (Figures 6i–6l).
The relationships between the total affected area, volume, and duration can be illustrated in two‐dimensional
histograms (Figure 8). Because the precipitation systems move, longer lived systems generally also have larger
total affected areas, even though there is a large spread of total affected area for short duration events
(Figures 8a and 8b). The relationship is nonlinear as the x axis for duration is linear and total area is
exponential, and winter events have even larger spread in area for given duration than the summer events.
The relationship between the total affected area and volume is better defined, even though 2 orders of spread
in volume is observed for given area (Figures 8c and 8d). It is found that the majority of the storms have an
affected area of 103–5 × 104 km2 and volume of 106–108 m3.

If the analysis is restricted to EPEs with maximum depths >12 mm, high concentration is found in regions
along California's mountain ranges in cold seasons and southeast and Florida in JJA and SON, where intense
precipitation is frequent, while eliminating many traveling winter events in the Midwest (Figures 7i–7l).
Figure 7 illustrates how the flexibility in this database permits generating statistics based on different criteria
for specific purposes.

3.2. Precipitation Duration, Start, End, and Peak Time

The temporal resolution of IMERG sets the duration of the shortest events to 30 min. Figure 9 shows the his-
tograms of total duration of the EPEs (Figure 9a) and extreme duration, that is, the portion of events with
extreme precipitation only (Figure 9b). As expected, the frequency of EPEs decreases approximately expo-
nentially with increasing extreme duration (Figure 9b). The algorithm identifies many small events with just
a few extreme precipitation grids both spatially and temporally that could be independent small events or
disjoined cells of precipitation from a larger system that the algorithm fails to connect. The peak

Figure 8. Histograms show relationships of duration with total affected area (upper panels) and total affected area with total rain volume (lower panels) for
December–February (DJF; left) and June–August (JJA; right).
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frequency of total duration of the events is between 3 and 6 hr. This is partly because light precipitation is
allowed to extend 3 hr surrounding the extreme precipitating grids, making the total duration of events
longer than the extreme portion of the events. JJA has slightly more events of all durations than the other
seasons except for those that last fewer than 3 hr or more than 72 hr. DJF has the highest number of
events with duration less than 3 hr and events that last more than 72 hr. The high number of multiday
events in DJF is consistent with the usual understanding that winter has many precipitation systems that
traverse CONUS for multiple days. SON has the least total number of events in all seasons. We found
several events with duration longer than 288 hr (12 days) in each season. Again, there is a greater
probability of those long events occurring in winter.

The diurnal cycle of EPEs can be represented by the starting and ending local times of each event (Figure 10).
Shorter events (<6 hr) during JJA tend to begin between 11 A.M. and 4 P.M. local time and end between 3
and 4 P.M. or around 8 P.M. EPEs in MAM and SON show similar diurnal cycles, but the peak for both is
much weaker than that in JJA. EPEs in DJF do not show any preference in event start and end time. The
longer events (6–24 hr) start most frequently between 10 A.M. and 3 P.M. and end at 4 P.M. to 9 P.M. in
the warm seasons. Multiday events appear to start and end randomly except for a slightly higher chance
to start at around 1 P.M. in JJA.

A better indication of the diurnal cycle is to examine the change of precipitation volume during the day. We
approximate this by looking at the frequency distribution of peak volume of the events with the local time
(Figures 10c, 10f, and 10j). The result shows that peak volume occurs most frequently at 2–5 P.M. for
<6‐hr events and slightly later for 6‐ to 24‐hr events. For multiday events, peak volume appears more promi-
nently at 5–10 P.M. in JJA, around 8–10 P.M. in MAM and SON, near zero in the morning and gradually
increasing after 12 P.M. in DJF. The peak volume distribution is more consistent with current understanding
of summer time convection, which normally peaks at around 3–6 P.M. (Nesbitt & Zipser, 2003). Of course,
one caveat of this analysis is the mixing of EPEs from different regions that might have different diurnal
cycles, even though by stratifying with the seasons, the composition of events from each season has its
preferred regions (Figures 6 and 7). The same caveat applies to the rest of analyses in this article.

3.3. Precipitation Depth and Intensity

Precipitation intensity at any single grid point can be measured by precipitation rate (precipitation per unit
time) and/or depth. The intensity of the precipitation event as a whole can bemeasured by total precipitation
area and volume at any given time.

Figure 11 shows the histogram of parameters that could indicate maximum storm intensity, including max-
imum precipitation rate (Figure 11a) and depth (Figure 11b) from a single grid point, system‐wise maximum

Figure 9. Frequency distributions of extreme events as a function of (a) duration computed from all grids for the entire event, and (b) extreme duration computed
from extreme grids only for different seasons; (c) and (d) are subsets of (a) and (b), respectively, with duration of 0–24 hr. DJF = December–February;
MAM = March–May; JJA = June–August; SON = September–November.
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instantaneous total precipitating volume (Figure 11c) and size (area; Figure 11d), as well as the ratio of
extreme precipitation versus total in volume (Figure 11e) and size (area; Figure 11f) during each event.
These parameters are computed separately, so that they do not necessarily occur at the same time.

In Figure 11, there are two main peaks in the frequencies of maximum precipitation rate before an exponen-
tial decrease as precipitation rates increase. The first peak at 5 mm/hr should be considered primarily artifi-
cial, due to the minimum criterion in the event identification algorithm of 5 mm/hr for extreme precipitating
grids and a requirement for each event to have at least one extreme precipitating grid. The second peak
frequency is at about 10 mm/hr, with the summer season skewed slightly to the right and consistently higher
precipitation rate (broad tail in the right). The maximum depth for the EPEs (Figure 11b) has a lower limit of
2.5 mm because each event contains at least one extreme precipitating grid. The peak frequency of maximum
depth is around 10 mm in JJA and 5 mm in the other seasons. Summer also has a greater number of high
single‐grid accumulations (>20 mm) than the other seasons.

The maximum volume of a system (Figure 11c) is limited by the total water‐holding capacity of the atmo-
sphere and maximum moisture convergence at any instant. Figure 11c indicates that the JJA has more
water‐rich events than the other seasons. This is driven by the stronger moisture flux from warmer sur-
rounding oceans and the Great Lakes in JJA (Figure 7c). Even though winter might have larger synoptic
precipitation systems, apparently, a large portion of the precipitation area is not intense enough to be
identified as extreme grids and the limited extension of events to light precipitation area (currently within
3 hr/6 km distance and greater than 1 mm/hr) have reduced its size. As a result, both maximum system
size (Figure 11d) and the extreme‐to‐total size (Figure 11f) in DJF are smaller compared to the
other seasons.

Figure 10. Frequency distributions of start, end, and at‐peak volume local time for precipitation events with durations <6, 6–24, and >24 hr. Bin size is 1 hr.
DJF = December–February; MAM = March–May; JJA = June–August; SON = September–November.
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Extreme‐to‐total precipitation ratio (Figures 11e–11f) roughly indicates the ratio of convective versus total
(convective plus stratiform) precipitation of the system, since convective precipitation tends to be heavier
than the stratiform precipitation. The histograms of maximum extreme‐to‐total ratio shows a large number
of systems with a maximum ratio of 1.0, indicating convective single‐cell events. Otherwise, we observe that
the volume ratio of extreme to total (Figure 11e) tends to be larger than the area ratio (Figure 11f). This is
because the larger area of light precipitation does not contribute as much to the precipitation volume.

3.4. Total Volume and Affected Area

Previous studies have shown that the number of precipitation systems decreases exponentially when the
sizes increase (Liu, 2011; Zhou et al., 2013). Figure 12 shows the histograms of a few parameters that
characterize the entire event, including the mean precipitation rate, mean depth, total precipitation affected
area, and total volumetric precipitation. These quantities are integrated from all precipitating grids from the
entire system.

The mean precipitation rate from the extreme grids (Figure 12a) is much larger than that from the light pre-
cipitation grids (Figure 12b), as the former is set to be greater than 5 mm/hr, and light precipitation consists
of those not identified as extreme precipitation (5 mm/hr or higher) but larger than 1.0 mm/hr. JJA has the
most events with mean extreme precipitation rate greater than 10 mm/hr, followed by MAM and DJF. The
SON has the smallest number of EPEs across all 4 years of data (Figure 12a). However, DJF has the highest
mean light precipitation rates (Figure 12b) and mean precipitation rate (Figure 12c). This could be due to the
artifacts of the light precipitation inclusion in the algorithm as mentioned in section 3.3. The limited exten-
sion to the light precipitation area has created more homogenous winter events where extremes are not as
high and light not as low. The mean depth (Figure 12d) of the event is much smaller than the maximum
depth (Figure 11b) because light precipitation contributes to a large percentage of the total affected area.
The peak frequency for the mean depth is around 2mm/hr for all the seasons except JJA, which has a greater
number of extreme grids (Figure 12a). It is interesting to notice that even though the mean precipitation rate

Figure 11. Instantaneous (half‐hourly) properties of extreme events shown as frequency distributions of (a) maximum rain rate, (c) maximum half‐hour
rain volume, (d) maximum area coverage, (e) maximum extreme‐to‐total ratio of rain volume, and (f) maximum extreme‐to‐total ratio of rain size from different
seasons over the entire domain. (b) Maximum depth is not instantaneous but a very localized property.
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(Figure 12c) is higher in DJF than in JJA, JJA has higher mean depth (Figure 12d) because summer events
are more stationary than the winter events, as will be shown later (Figure 13).

The total size of affected area (Figure 12e) and total precipitation volume (Figure 9f) are less skewed than the
mean and maximum depth. The differences among the seasons appear to be smaller compared to the mean
and maximum depth partly because of the logarithmic scales used. The peak frequency of total affected area
occurs at 103–5 × 104 km2 range (~90% of all events; Figure 12e), while the peak frequency of total volume
occurs at 106–108 m3 (~86% of total events; Figure 12f), consistent with what are shown in Figure 8.
Summer has more than double the number of very wet events (total volume larger than 108 m3) than the
winter, that is, 3,183 versus1,479. This is because the frequency of summer MCS and thunderstorms in the
southern United States outweighs the number of winter storms in the north (Figure 7).

3.5. Event Propagations

A unique aspect of EPEs that comes from this study's methodology is the capability to track the evolution of
EPE both spatially and temporally. By locating the center of the event in each time step, we are able to track
the propagation of events in both the zonal and meridional directions. Figure 13 shows the frequency distri-
butions of the mean propagation speed stratified with duration and season. In the duration classes of <6 and
6–24 hr, about 20–40% of events have zero net speed, which are likely from stationary local convective events
or stalled fronts, and are not included in the histograms. The percentage of stationary or near‐stationary
events is higher for short events (<6 hr) than the intermediate (6–24 hr) or longer events (>24 hr). Since
the number of events with duration >24 hr is small, the histogram is rather noisy, but those events have
the highest propagation speed (> 40 km/hr). The dependence of event propagation on duration is likely
because shorter events are governed by their own life cycles, while longer events depend more on guiding
large‐scale synoptic circulations. The faster zonal speed compared to the meridional speed and faster winter
and spring speed than summer and fall both indicate the dependence of precipitation propagation on large‐
scale circulation. This will provide a foundation to evaluate precipitation propagation under the warming
climate as changes in large‐scale circulation become more recognizable (Dwyer & O'Gorman, 2017).

Figure 12. Frequency distributions of extreme event characteristics as a function of (a) mean extreme rain rate, (b) mean light rain rate, (c) mean all rain rate,
(d) mean depth, (e) total affected area, and (f) accumulated rain volume. DJF = December–February; MAM = March–May; JJA = June–August;
SON = September–November.

10.1029/2019JD030449Journal of Geophysical Research: Atmospheres

ZHOU ET AL. 10,358



3.6. Subsetting the Database

As we learned from the above analyses, this EPE database includes EPEs from single extreme cells to events
covering thousands of square kilometers. All the events belong to the tail distribution in some category in
their specific locations. The parameters provided for each event makes it very easy to subset the types of
events users want to study. For example, users interested in localized storms could set a requirement for high
rain intensity and depth but relatively small size, likewise, users interested in larger events could require a
larger size and total volume. It is also quite easy to eliminate unwanted events such as synoptic winter events
and small breakout cells if the focus is on large convective events. For example, by requiring maximum depth
of events to be greater than 20 mm and maximum instantaneous size greater than 1,000 km2, the number of
events will be reduced in 92.2% in winter and about 85%~72% in other seasons.

4. Summary and Discussion

Utilizing the high spatial and temporal resolution IMERG data, we constructed a database of EPEs that
depicts both the spatial extent (xy) and temporal evolution (t) of precipitation systems. The EPEs were con-
structed using a recursive‐fractal approach to organize the precipitating grids in space and time belonging to
the same system into events, enabling accurate depiction of duration, areal coverage, total volume, and pro-
pagation of each EPE over its entire life cycle. The range of parameters provided for each event enable users

Figure 13. Mean event propagation speed (left column) and its zonal (middle column) and meridional (right column) components for events with duration of
0 < duration <6 hr (top row), 6 < duration <24 hr (middle row), and duration >24 hr (bottom row) events.
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to choose/subset the type of events they want to study as the database includes very different types of EPEs
from single extreme cells to events that cover thousands of square kilometers.

We show detailed event statistics from 4 years of IMERG data derived over CONUS to illustrate the
capabilities of this database. The spatial distributions of EPEs are consistent with seasonal precipitation
distributions over CONUS, with winter and spring EPEs mostly occurring in the Northwest and
Northeast, and summer EPEs in Southwest and Southeast. Fall has the smallest number of EPEs except near
the coastal Pacific Northwest. The event parameters presented include event duration; start, end, and peak
time; intensity and depth; maximum and total precipitation volume and areal coverage; and event propaga-
tion speed. We find the most frequent duration of EPEs to be 3–6 hr. The frequency decreases exponentially
with duration afterwards. The diurnal cycle is most prominent in summer, weaker in spring and fall, and
indiscernible in winter, especially for events lasting fewer than 6 hr. The mean and maximum precipitation
intensity, size, and volume all show summer to be the season with the heaviest and largest precipitation
events overall. The majority of the EPEs affect an area between 103–5 × 104 km2 with total volume of
106–108 m3. The event propagation speeds indicate the influence of large‐scale circulation, as winter events
tend to move faster than those in the other seasons.

The results from this study depend on the specific definition and subsequent algorithm of EPEs. Since
many different types of extreme events exist from small intense thunderstorms to large monsoonal
troughs, our algorithm is designed to encompass all these cases without being overly complicated. This
inevitably leads to some caveats. First, we use a spatially varying but locally fixed extreme threshold to
define the extreme grids. This allows the EPEs in each region to be specific in the context of its own
climate, but a locally fixed threshold also means most of the EPEs will be concentrated in the wet seasons
and it would be more difficult to monitor the changes in EPEs in the dry season. Second, the EPEs created
in this study depend on a tunable searching distance and time interval in the algorithm. This is an intrin-
sically difficult problem as we tried to define an event. Whether separate cells of precipitation grids could
be considered as a single event depends on system type and will inevitably depend on different regions
and seasons. For example, synoptic winter systems usually move faster than summer organized convective
systems, so a more relaxed interval may be needed to hold the system together. To use different criteria
depending on system type may require other information, such as cloud or circulation fields. Doing so will
make the algorithm considerably more complicated. However, even with fixed criteria, the current algo-
rithm is able to capture major events without missing too much of total precipitation, meanwhile keeping
the truly isolated events separate in their own right. In this regard, case studies of EPEs associated with
Hurricane Harvey in 2017 and with atmospheric river events in the winter of 2015 demonstrate both
the capability and limitation of the current algorithm.

The inherent uncertainties in IMERG data will also impact the precipitation intensity and coverage. The cur-
rent IMERG product depends critically on the microwave estimates, meaning that over land, where this
study concentrates, the retrievals depend on signals from solid hydrometeors. Thus, IMERG results are best
when driven by typical, relatively deep precipitating systems. Potentially problematic areas include orogra-
phically driven or very tropical events in which warm rain enhancement (below the melting layer) is impor-
tant and the retrievals (and hence IMERG) underestimate rates. In very dry regions and downwind of
orography, evaporation in the lower reaches of precipitating systems eliminates small precipitation particles,
leading the retrievals (and IMERG) to overestimate precipitation rates. When there is snow or ice on the sur-
face, the retrievals currently used have difficulty detecting the solid hydrometeors aloft. At present, IMERG
masks out the microwave estimates in such regions and uses infrared‐based estimates, which tend to be
much less certain. Finally, the morphing applied in IMERG between microwave overpasses tends to smooth
out variations that occur on timescales shorter than the typical overpass interval, which is 2–3 hr. These
uncertainties will affect the derived EPEs as well.

Ongoing work includes extending the database globally and for the entire TRMM‐GPM period once the
retrospective IMERG product becomes available, determining better extreme thresholds and
spatial/temporal searching distance used in the algorithm. Additionally, we will examine the controlling
mechanisms for different event characteristics. This EPE database will provide a wealth of information
about precipitation events over different parts of the world, and the impact of climate forcings on
event characteristics.
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Appendix A: Derivation of Separate Set Variance/Standard Deviation for
Extreme Events
Current computing limitations can make processing large data sets, and even large files, quite trouble-
some. In order to circumvent these computing and processing limitations, large data sets are often split
up and processed in smaller subsets of the original data. In a serial computing environment, this works
well for most functions and operations. For example, the mean of two equal‐length vectors a and b can
be described by

1
n
∑
n

i¼1
ai þ 1

n
∑
n

i¼1
bi ¼ 1

n
∑
n

i¼1
ai þ bið Þ

or in programming terms, MEAN(a) +MEAN(b) =MEAN(a+ b). The mean of these two vectors is additive.
However, some operations, like calculating the standard deviation, are not additive, and calculating the sum
of the standard deviation of individual sets does not yield the same result as calculating the standard devia-
tion over the whole data set. Because of our processing limitations, we have derived an approximation for the
standard deviation calculated from multiple sets.

In our case, we can process about one month of data at a time. Let i be index of the month and j be the index
of observations (precipitating grids, with R > 0.01 mm/hr) in any given month. LetM be the total number of
month andNi be the total number of observations in ith month. For any given month, we can easily compute
the mean xi and sum of square Si of all precipitating grids and save these fields for later use.

xi ¼
∑Ni

j¼1xij
Ni

(1)

Si ¼ ∑Ni
j¼1 xij

2
� �

(2)

The variance equation for the entire data set is given as

V ¼ ∑M
i¼1∑

Ni
j¼1 xij−Z

� �2

∑
M

i¼1
Ni

(3)

Z ¼ ∑M
i¼1Nixi

∑M
i¼1Ni

(4)

Here Z and V are the overall mean and variance, respectively. To derive V without prior knowledge of Z, we
expand the above equation (3) as follows:

V′ ¼ ∑
M

i¼1
∑
Ni

j¼1
xij−z
� �2 ¼ ∑

M

i¼1
∑
Ni

j¼1
x2ij−2zxij þ z2

� �

Substituting and distributing the inner sum, we obtain

V ′ ¼ ∑M
i¼1 Si−2z Nixið Þ½ � þ Nobsz

2 (5)

Here, Nobs ¼ ∑M
i¼1Ni. All the terms required in (4) and (5) are precomputed in monthly files and thus

manageable in terms of memory requirement. This procedure requires to read all the data only once
thus makes processing efficient. Finally, we need to divide V′ by the total number of observations less
one so that

V ¼ ∑M
i¼1 Si−2z Nixið Þ½ � þ Nobsz2

Nobs−1
(6)

Using this formulation of variance, we can also calculate the standard deviation as
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σ ¼
ffiffiffiffi
V

p
(7)
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