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Abstract

Heavy rainfall associated with landfalling tropical cyclones (TCs) is responsible
for significant societal and economic impacts. Improved characterization and
description of how rainfall during these storms changes as a function of distance
from the center of circulation are critical to increase our preparedness against
this natural hazard. Since March 2014, the hydrometeorological community has
benefitted from the Global Precipitation Measurement mission (GPM), espe-
cially with its gridded-rainfall product IMERG (Integrated Multi-satellitE Re-
trievals for GPM), which offers global rainfall estimates with a spatiotemporal

resolution of 0.1°x0.1° every 30 minutes, on a near-real time basis.

We analyze here 166 TCs worldwide from March 2014 through March 2016. For
every TC, we extract from IMERG V04 a 2,000 km rainfall swath along the TC
track. This allows us to characterize with great accuracy the spatial structure
of TC-rainfall, from its development all the way to its landfall and dissipation.
We stratify the analyses by basin of origin, intensity of the storm, and whether
the TC was over ocean or land. We find that the South Pacific, West Pacific,
and North Indian basins yield (median) rainfall intensities between 6 and 7.5

mm-h~! at radii ~50 km. These intensities are for TCs over ocean, and in most
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cases they are twice (or more) as high as the median intensities for TCs over
land (~3.0 mm-h~!). For the North Atlantic, South Indian, and East Pacific
basins the oceanic (median) rainfall intensities are between 4 and 5 mm-h~!.
Upscaled IMERG estimates (0.25°%0.25° every 3 hours) do not capture the
rainfall structure within the eyewall (i.e., for radii < 50 km), especially for the
South Pacific, West Pacific, and North Indian basins.

Keywords: Tropical Cyclones, IMERG, Rainfall

1. Introduction

Very often tropical cyclones (TCs) have catastrophic impacts on society due to
the vast amount of rainfall they carry. Coastal areas are the most prone regions
to such devastating impacts. Still, heavy rainfall from TCs often reaches areas
located hundreds of kilometers inland (e.g., Czajkowski et al., 2017; Khouakhi
et al., 2017). For instance, the two most devastating TCs in 2016, i.e., Hurricane
Matthew (September 28 to October 10, affecting Haiti, Cuba, the Bahamas, and
the U.S. West Coast - North Atlantic basin), and Typhoon Lionrock (August
29 to September 1, affecting North Korea, east China, and Japan - West Pacific
basin) accounted for ~14% of human fatalities caused by natural disasters in
2016 (1,155 deaths; Impact Forecasting, 2017). With 92 USD billions, TCs and
flooding accounted for the ~44% of global economic losses by natural disasters

in 2016 (Impact Forecasting, 2017).

In the United States (U.S.), floods associated with TCs claim a large toll in
terms of fatalities (Rappaport, 2014, 2000; Elsberry, 2002). Czajkowski et al.
(2017) established a methodology to relate intensity of TC flood events and
economic losses, under current and future conditions. They found that in coastal
areas 45% of the floods in the U.S. come from landfalling TCs (55% for inland
areas). This is worrisome not just for the U.S. but also globally because the
continuous growth of (coastal) population increases the risk associated with TCs

and flooding (Rappaport, 2000).
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Improved modeling and characterization of the precipitation associated with
TCs provide basic information to increase our preparedness against this hazard.
Furthermore, the development of parametric models of rainfall distribution from
TCs is useful in a number of fields, such as operational forecasting and warning,
climatological risk assessment, and engineering design (Kepert, 2010). While
parametric models that describe the wind speed around the center of circulation
of the storm have been developed (e.g., Holland, 2008), parametric models that
characterize TC-rainfall still lag behind (e.g., Lonfat et al., 2007). However,
there have been efforts towards the characterization of rainfall associated with
these storms, given the high resolution of satellite-based rainfall estimates (Prat
& Nelson, 2016; Jiang et al., 2008b; Lonfat et al., 2004). Prat & Nelson (2016)
analyze 12 years of satellite data to estimate the contribution of TCs to extreme
daily rainfall. Lonfat et al. (2004) provide global characterizations of TC-rainfall
through satellite measurements, which represent a step forward to understand
and improve current techniques in quantitative precipitation forecasting (QPF)
of TCs, and to reduce uncertainties in QPF due to the lack of precipitation data
over the oceans (see also Jiang et al., 2008a). The evaluation and validation of
numerical weather prediction models rely on oceanic precipitation data, which is
often based on a very limited number of ground-based sensors (e.g., rain gauges,
radars). As pointed out by Tuleya et al. (2007), one major issue in accurately
forecasting TC-rainfall is tied to the small scale at which heavy precipitation
manifests itself (see also Luitel et al., 2016). Hence, the main advantage of high-
resolution satellite rainfall products is their ability to track these large storms,
for which accurate rainfall estimates are difficult to obtain from ground-based
sensors. This is even more difficult near the storm center where the rain rates

are the highest (Lonfat et al., 2007; Elsberry, 2002).

IMERG (Integrated Multi-satellitE Retrievals for GPM - Global Precipitation
Measurement mission) is a high-resolution satellite product that has the po-
tential to improve the characterization of rainfall associated with TCs. It is

a gridded rainfall product with a spatiotemporal resolution of 0.1°x0.1° every
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30 minutes between 60°N-60°S (Hou et al., 2014). Khouakhi et al. (2017) pre-
ferred rain gauges over satellite estimates for TC-rainfall characterization, given
that satellite-rainfall estimates often represent short historical records, relatively
coarse resolution, and are affected by large uncertainties. Issues associated with
the relatively coarse spatiotemporal resolution of satellite rainfall products and
their uncertainties have been improved with the recent upgrade in IMERG V04
(Huffman et al., 2017¢). IMERG is available since March 2014, and although
it is still a product in development, its high spatiotemporal resolution holds
promises on critical aspects towards improved QPF of TCs. Elsberry (2002)
refers to such critical aspects as track predictability, rainfall distribution, rain-
fall duration, rainfall totals (even over smaller regions), and a better resolved
precipitation gradient. GMI (GPM Microwave Imager) is the most advanced
conical-scanning passive microwave radiometer. With 13 channels (10.65 to
183.31+£7 GHz) it detects a wide range of precipitation intensities, from heavy
to light precipitation (Rios Gaona et al., 2016; Hou et al., 2014). Thus, GPM

rainfall products now provide better-resolved precipitation gradients.

We analyze here 166 TCs that occurred worldwide in a 2-year period. The
analysis is stratified by basin of origin, storm category, and whether the storm
is over the ocean or land. To highlight the impacts of coarser-resolution products
on the characterization of TC-rainfall, we resample the IMERG product to a
3-hour 0.25°x0.25° resolution. Luitel et al. (2016) and Villarini et al. (2011)
analyzed high-resolution rainfall products such as Stage IV primarily for the
conterminous US. Similarly, Jiang et al. (2008a) analyzed 6 years of TRMM
(Tropical Rainfall Measuring Mission) 3B42 (3-hourly, 0.25°x0.25° resolution)
estimates to characterize TC rainfall in the NA basin, namely U.S., and studied
the relation between the rainfall potential (before landfall) and the maximum
storm total rainfall for landfalling TCs. Their analysis was also stratified by
land/ocean and by storm intensity. High-resolution rainfall products such as
IMERG make it possible to perform more comprehensive analyses given the

vast amount data they offer over the oceans. Our work is one of the first studies
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to analyze the precipitation characteristics within TCs at high spatiotemporal
resolutions on a global scale. We provide an in-depth and global characterization
of rainfall distribution from TCs, which can be useful towards the development

of further improved TC parametric models.

This paper is organized as follows: Sections 2 and 3 describe the two data sets
involved in this study, and the methodology to merge them both, respectively.
The results and discussion of our major findings are presented alongside in

Section 4. Conclusions and recommendations are provided in Section 5.

2. Data

For the period of March 2014 through March 2016, we analyze and merge two
data sets: IBTrACS, and IMERG V04 Final.

The IBTrACS (International Best Track Archive for Climate Stewardship) is a
comprehensive worldwide collection of TC best-track data, from all the Regional
Specialized Meteorological Centers (RSMCs) and Tropical Cyclone Warning
Centres (TCWCs) within the World Meteorological Organization (WMO), and
other national agencies (Knapp et al., 2010) (IBTrACS data is freely available
from the server ftp://eclipse.ncdc.noaa.gov/pub/ibtracs/). IBTrACS was
developed by the National Climatic Data Center (NCDC) jointly with the World
Data Center for Meteorology. It contains 27 storm attributes for seven global
basins: North Atlantic (NA), Eastern Pacific (EP), Western Pacific (WP),
Northern Indian Ocean (NI), Southern Indian Ocean (SI), South Pacific (SP),
and South Atlantic (SA) (Fig. 1). From these attributes we use longitude and
latitude of the storm centers (to interpolate the TC track at 30-minute resolu-
tion), maximum sustained wind speed (MSW, to categorize the storm according
to the Saffir-Simpson Hurricane Scale - SSHS; Simpson, 1974), the basin of ori-
gin, and the time at landfall (if existent). The temporal resolution of this data
set is 6 hourly (00:00, 06:00, 12:00, and 18:00 UTC). We analyze 166 TCs in
total, of which 65 occurred in 2014, 96 in 2015, and 5 since January until March
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2016. There were 91 TCs in total for 2014 but we only consider 65 given the
availability of IMERG V04 Final. For any given year, IBTrACS posts the post-
season reanalysis (of that given year) in the last quarter of the next year. There
were thus only five TCs for 2016. Figure 1 shows the tracks of the 166 TCs we
focused on. This figure also shows the seven global basins in which the Earths

surface is divided.

180W  140W  100W 60W 20W 20E 60E 100E 140E

SA | SI

160W

120W  80W 80E  120E  160E
IBTrACS
na ET —TS — CAT12 CAT35

Figure 1: Spatial distribution of 166 TCs (IBTrACS) from March 2014 through March 2016.
The color scale represents the TC intensities: green for ET (Extra-Tropical), cyan for TS
(MSW < 64 kt; 33.1 m-s~1), light orange for CAT12 (64 < MSW < 96 kt; 33.1 - 49.4 m-s~1),
and dark orange for CAT35 (MSW > 96 kt). Light grey tracks (na) are those IBTrACS in 2016
for which no IMERG data is available. The white divisions show the seven basins according
to Knapp et al. (2010), i.e., East Pacific (EP), North Atlantic (NA), North Indian (NI), West
Pacific (WP), South Pacific (SP), South Atlantic (SA), and South Indian (SI).

IMERG V04 Final contain several subsets, from which the precipitationCal sub-
set offers the most accurate rainfall estimates. It is a gridded rainfall prod-
uct (level 3) from the GPM mission (GPM rainfall datasets are freely avail-
able at the National Aeronautics and Space Administration - NASA - website
http://pmm.nasa.gov/data-access/downloads/gpm). It provides rainfall in-

tensities with a spatiotemporal resolution of 0.1°x0.1° every 30 minutes. This
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product is obtained by processing (i.e., intercalibration, merging, and spatiotem-
poral interpolation) all the microwave precipitation estimates available from the
GPM constellation (Huffman et al., 2017a). IMERG also incorporates infrared
data from geostationary satellites, and it is calibrated with global gauge anal-
yses of precipitation (Schneider et al., 2015a,b). Huffman et al. (2017a,b,c)
offer a detailed and very technical information on the recent update of IMERG
V04 (Final). The availability of this data set goes from March 12, 2014 to the
present with a latency of 4 months. Hence, the number of analyzed TCs is
limited to the availability of this data set. From here onwards, IMERG V04
Final (precipitationCal subset) will be referred only as IMERG.

NA-BILL 2015-06-21 00:00 UT

Cumulative Rainfall [mm]

0 159 315 477 638 800

Figure 2: Total rainfall for the Tropical Storm Bill (16 June 2016 at 00:00 UTC through 21
June 2016 at 00:00 UTC). The figure shows cumulative rainfall for a 1,000-km radius along
the TC track (yellow-black line). The relief is downloaded from https://earthobservatory.
nasa.gov/Features/BlueMarble/ (Stockli et al., 2006).
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3. Methodology

We downscaled IBTrACS attributes from their native 6-hour temporal resolution
to 30-minute IMERG native resolution. We interpolated the 6-hour latitudes
and longitudes via spline cubic interpolation to estimate the TC center at 30-
minute intervals. We then extracted the 30-minute rainfall intensities from the
IMERG data set over a radius of 1,000 km. These 30-minute rainfall fields were
aggregated throughout the storms lifetime (see Fig. 2 for one example; the

supplemental material shows the GIF movie for the whole duration of TC Bill).

Profiles of rainfall intensity as a function of distance from the TC center were
extracted for every 30-minute interpolated center. We computed the average
rainfall intensity for radii every 7 km from the TC center outwards (i.e., 0 km,
7 km, 14 km ...) to ensure a regular sampling of IMERG gridded-rainfall given
its spatial resolution (i.e., 0.1°x0.1° or ~11x11 km? at equatorial latitudes).
Once we obtained these averaged profiles, we stratified them into three cate-
gories: 1) basin of origin, 2) TC intensity, and 3) land or ocean. We based
this categorization on the coordinates of the TC center and the MSW stored
in the IBTrACS. A TC is overland if the center of the storm has crossed the
coastline. The MSW for a given 30-minute TC center corresponded to the pre-
vious 6-hourly step stored in the IBTrACS. Given the coordinates of the TC
centers, we established whether the TC center was located over ocean or land.
We re-categorized the TC intensity into four categories based on the SSHS: for
MSW < 64 kt (33.1 m-s~!, TS), for 64 < MSW < 96 kt (33.1 - 49.4 m-s~!,
CAT12), for MSW > 96 kt (CAT35), and extra-tropical cyclones (ET).

For the upscaled 3-hourly rainfall fields, we computed rainfall intensity profiles
for radii every 33 km (i.e., 0 km, 33 km, 66km ...) to also ensure a regular sam-
pling of IMERG upscaled- and gridded-rainfall (i.e., 0.25°x0.25° or ~28x28
km? at equatorial latitudes). This spatiotemporal resolution is consistent with
other high-resolution satellite products such as TMPA (TRMM Multisatellite
Precipitation Analysis; Huffman et al., 2007), and CMORPH (the Climate Pre-
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diction Center morphing method; Joyce et al., 2004). We also applied the same
analysis steps (i.e., by basin of origin, T'C intensity, and land or ocean) to the

upscaled 3-hourly rainfall fields.
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Figure 3: Spatial structure of TC rainfall for 166 TCs from March 2014 through March
2016. The profiles indicate the 50" percentile by basin of origin (left column), by intensity
(middle column), and whether the storm center was over land or ocean (right column). The
spatiotemporal resolution of the top row (IMERG) is 0.1°x0.1° every 30 minutes, whereas

for the bottom row (Upscaled IMERG) is 0.25° x0.25° every 3 hours.

4. Results and Discussion

The Pacific basin is the one where most of the TCs develop (North Pacific), and
the one with the most intense TCs (South Pacific). Figures 3 and 4 show the

general overview of the three main analyses we focused on. For instance, the
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West and East Pacific basins (WP and EP, respectively) account for 61.8% of all
the analyzed data. We analyzed ~4.8 million radii of average rainfall intensities
from IMERG (at its native resolution) for all 166 TCs. Out of the 61.8%, 31.1%
corresponds to TCs from CAT12 and CAT35 intensities (Fig. 3 - middle column,
and Fig. 4). Tropical storms (TS) account for 68.4% of the storms across all six
basins studied here (Fig. 4), with an average rainfall intensity of ~4 mm-h=!
close to the eyewall (Fig. 3). CAT12 bring twice as much rainfall as TSs do,
whereas CAT35 TCs bring three times more rainfall than TSs do (13 mm-h~!,
Fig. 3 - middle column). Even though the orientation and size of TCs can affect
coastal communities even if they do not make landfall, their destructive power

is largely perceived and quantified after landfalling.

Rainfall from landfalling storms amounts to 7% of the overall analyzed rainfall
(~4.8x10° counts; Fig. 4). The NI basin was the least affected by TCs in the
studied period (5.3%; Fig. 4). Nevertheless, it is the basin with the largest
proportion of landfalling TCs with 39.7% of all TCs for that basin (about one
third of all landfalling TCs combined). Average rainfall intensity over oceans is
almost twice as large as the rainfall intensity over land (Fig. 3 - right panels).
The rainfall structure over the ocean clearly indicates the peak intensity close
to the eyewall, whereas for landfalling TCs such a peak is not nearly as marked.
As suggested by Tuleya et al. (2007), the decrease of rainfall rate as the TCs

breaks inland is related to the decrease of the primary circulation of the storm.

Figure 3 (bottom row) shows the deficiency of upscaled data sets to reproduce
extreme values, conversely to the case with high-resolution data sets (Tustison
et al., 2001). Upscaled or coarser data sets do not reproduce either extreme
(or peak) values or the rise to the peak within the eyewall, clearly captured
by the high-resolution IMERG data set (Fig. 3 - top row). Thus, this proves
the potential capabilities of such a data set to model TC rainfall with more
accuracy and a much higher level of detail. Figure 3 (bottom row) is based on
~255,000 radii of average rainfall intensities from the upscaled IMERG data
set (~5% of the native IMERG data set). The distribution of this upscaled

10
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data set (not shown here) is almost identical to that in Fig. 4. The radial
distribution (structure) of landfalling TCs in Fig. 3 is consistent with similar
results previously presented by Lonfat et al. (2007, 2004), Marchok et al. (2007),
and Tuleya et al. (2007).
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Figure 4: TC distribution for ~4.8x10° radii of average rainfall intensities (for 166 TCs from
March 2014 through March 2016). Each bar represents the percentage of TCs that originated
within that basin. The colors in each bar indicate the proportion of TCs with regard to the
intensity of the storm. See Supplementary Fig. 1 for the proportions of TCs with regard to

the surface stratification.

Figure 5 shows a detailed multi-analysis of the IMERG data set by basin, in-
tensity, and ocean/land. The data is first stratified by basin of origin, with the
development of TCs mostly in the East and West Pacific basins, and in minor
proportion in the South Indian and North Atlantic basins (i.e., higher number
of counts indicated by the green color). On average, high-intensity TCs develop
in the West and South Pacific, and NI basins. This is demonstrated by the
black curve, which summarizes the rainfall profiles regardless of the TC inten-

sity. Furthermore, the proportion of TCs is larger over ocean than land (see also

11
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Supplementary Fig. 1), as there are more counts for ocean-based storm centers
(97%) than for land-based ones (3%). TCs are still associated with heavy rain-
fall over land, even though they become weaker as they move inland, and are
generally stronger over the ocean and at landfall. This is because TCs generate
heavy rainfall by interacting with topography while with much less moisture
supply from the ocean to sustain the intensity after landfall (Emanuel, 2005;
Bender et al., 1985). The only case in which there is no practical difference be-
tween ocean or land is in the South Indian basin, where the median maximum

(rainfall) intensity is about ~3 mm-h~! for radii ~50 km (eyewall).

The high-resolution IMERG data set allows a clear characterization of TC-
rainfall over ocean or land. When the storm is over the ocean, rainfall intensi-
ties increase from the center of circulation to ~50 km outwards. This reflects
a clear definition of the storms eye and eyewall (the heavy rainfall band just
beyond the eye of the storm). The evolution (e.g., breakdown) of eyewall in
TCs are closely associated with intensity change after landfall (Wang & Whu,
2004; Wu et al., 2003). If we focus on all the landfalling storms, and on those
that underwent extratropical transition, we do not clearly see this well-defined
structure due to the collapse of the eyewall and the formation of outer rainbands
(Figure 5). Even though land-based satellite retrievals are in general more ac-
curate than ocean-based ones due to gauge adjustment (Huffman et al., 2017a),
improvements on IMERG Final V04 (Huffman et al., 2017¢) drastically reduce
discrepancies and uncertainties in the transition between ocean and land rain-
fall retrievals. The average rainfall rate and total rain of landfalling TCs are
profoundly influenced by the intensity of TCs associated with TC circulation
and the horizontal distribution of convection during landfall (Yu et al., 2017;

Alvey III et al., 2015).

On average, the SP, WP, and NI basins are the ones with the higher (median)
rainfall intensities, between 6 and 7.5 mm-h~! at radii ~50 km. Such intensities
refer to estimates over ocean, and in most cases they are twice (or more) as

high as the median intensities for inland structures, i.e., ~3.0 mm-h=! (Fig. 5

12
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- black profiles). The distribution of rainfall intensities in such basins (i.e., SP,
WP, and NI) may be related to a higher mean sea surface temperature (SST) in
these basins when compared to other basins because a higher SST tends to lead
to saturation water vapour specific humidity (e.g., Lin et al., 2015; Langousis &
Veneziano, 2009). The NA, SI, and EP basins do not show as high TC-rainfall
as the other three basins, i.e., between 4 and 5 mm-h~!. In all these cases, the
peak of the median rainfall intensity generally occurs at radii ~50 km. Our
results for the NA basin are in line with Jiang et al. (2008a). They found that
the maximum mean rain rate over ocean was ~5.0 mm-h™! (within 50 km of
the TC center), whereas over land it was ~1.6 mm-h~! (Fig. 5 - “NA (North
Atlantic), Land” panel).

In general, TC rainfall is more intense over the ocean than over land (Fig. 3
- by Surface), with the pattern of high median rainfall over ocean (Fig. 5 -
black profiles) mainly governed by the behaviour of the TS category, given that
the majority of TCs fall under this category (Fig. 4, and Sec. 4). There are
few cases in which TC-rainfall is higher over the land than over the ocean,
especially for the CAT12 and CAT35. We see such a behaviour, for instance, in
the three basins with the highest median TC-rainfall (Fig. 5 - SP, WP, and NI).
Nevertheless, we remind the reader that these are very few cases as indicated by
the scatter density plots (e.g., CAT35 profile in Fig. 5 - WP, Ocean is computed
from ~5,000 counts; whereas CAT35 profile in Fig. 5 - WP, Land is computed
from ~10 counts). Conversely to TS, CAT12 and CAT35 show a devastating
power after landfall, as these two latter categories are the ones with the more
intense rainfall intensities and wind speeds. From Fig. 5 one can also see that
the proportion of CAT12 and CAT35 events (26.2%) is much smaller than TS
events (68.4%). Figure 4 presents similar results. Prat & Nelson (2013) studied
the contribution of T'C rainfall to global rainfall via the TMPA 3B42 product.
For a 12-year period they found that the WP basin (East Asia for them) was
the one with the highest TC rainfall over land (> 360 mm-year—!), despite its

lower cyclonic activity against the NA basin (i.e., 30%. less).
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Our results are also consistent with those obtained by Lonfat et al. (2004), in
which the NI and WP basins show the largest mean rain rates (~6.5 mm-h=1),
and in which the mean rain rates for the NA and EP (over land) are quite similar
to those obtained here (~5 mm-h~1!) (Fig. 5 - “..., Land” panels). Lonfat et al.
(2004) based their analyses on 260 TCs worldwide (1998-2000) estimated from
TMI data (TRMM Microwave Imager). They also stratified their analyses by
basin and storm intensity. Nevertheless, they did not consider land observations
as they argued that the TMI rain algorithm underestimated light rain over land.
In our case, the IMERG algorithm compensates for such biases (Huffman et al.,
2017c). Conversely to our case, Lonfat et al. (2004) acknowledged their lack of
significance in their results with regard to CAT12 and CAT35 intensities, given

the spatiotemporal resolution of their data set.

So far, we have focused on the IMERG data at its native resolution; nevertheless,
we also examined what the results would be once we coarsen its spatiotempo-
ral resolution. Figure 6 shows how the decrease in spatiotemporal resolution
results in a loss of detail in the rainfall structure within the eyewall. The high-
resolution IMERG data set adds on the representativeness of the results as it is
~20 times larger than the upscaled IMERG data set. Still, the most significant
drawback from low-resolution rainfall estimates is their inability to capture the
rainfall structure within the eyewall (i.e., for radii < 50 km). This is especially
the case for CAT12 and CAT35 intensities, and for the SP, NI, and WP basins
(see also Fig. 3). An accurate characterization of TC-rainfall for CAT12 and
CAT35 events is extremely important as these type of storms are the ones which
brought the most havoc. When compared to Fig. 5, the upscaled structure from
CAT12 and CAT35 intensities does not capture the rise to the peak (~50 km;
Fig. 6 - light and dark orange lines, respectively), otherwise well captured by the
IMERG data. Hence, high-resolution fields (e.g. rainfall) have higher variabil-
ity than low-resolution averaged fields, which by nature cannot reproduce the
extreme values and high frequency that high-resolution does (Marchok et al.,

2007; Tustison et al., 2001).
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Coarser TC-rainfall estimates miss not only the rainfall structure within the
eyewall but also relevant TCs. Some CAT12 and CAT35 events are missing,
and there is a much higher contribution from TS. This is why in Fig. 6 the
light orange line (CAT12 - “..., Land” panel, NA basin), and the dark orange
lines (CAT35 - “..., Land” panels, WP and NI basins) do not appear in this
figure, whereas they do appear in Fig. 5. In fact, the upscaled IMERG data
set completely misses the most intense event(s) for the studied period (Figs 5
and 6 - WP basin, “.., Land” panel). Because we stratify a TC as “land” if
its IMERG-pixel center was classified as “land”, it is more likely for 30-minute
(than for 3-hourly) TC centers to be interpolated over land surfaces. Hence,
high-resolution rainfall estimates from satellite, namely IMERG, offer a clear

opportunity to advance TC-rainfall modeling.

5. Summary and Conclusions

We analyzed 166 TCs from the IBTrACS data set, which represents a thor-
ough global collection of TC best-track data. Our main motivation was to test
the performance of high-resolution rainfall estimates from the updated IMERG
(V04) product, which is the research product from the GPM mission. IMERG
is a gridded satellite product, which offers rainfall estimates between 60°N-60°S
at a spatiotemporal resolution of 0.1°x0.1° every 30 minutes, with a latency of 4
months, starting from March 2014. When both data sets were cross-referenced,
we extracted rainfall fields for a 2,000 km-wide swath along the path of each
of the 166 TCs. The period of analysis was from March 2014 through March
2016. We split our analysis by basin of origin, storm intensity, and whether the
TC center was over the ocean or land. The evaluation was done through rain
intensity profiles, and it was repeated for a coarsened resolution of IMERG to

show the benefits of high-resolution estimates in TC-rainfall modeling.

Given its high spatiotemporal resolution, we found that IMERG captures quite

in detail the spatial structure of rainfall associated with these storms, especially
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within the first 100 km from the TC center outwards. We showed, for instance,
how it is possible for this high-resolution data set to capture the rise of the
rain peak (storm eyewall) for radii < 50 km. This was not the case for the
upscaled IMERG data set, which also missed the most intense event(s) of the

entire analyzed period.

The WP and EP basins accounted for 61.8% of all TCs, with about one third of
these storms belonging to the CAT12 and CAT35 categories. When we stratified
the analyses by land/ocean, we found that only 7% of the TCs correspond to
landfalling TCs. Yet, we remind ourselves that it is within this 7% that most
of the human catastrophes related to flooding from TC-rainfall take place. The
NI basin is the least struck by TCs (5.3%), and yet it is the basin with the
largest proportion of landfalling TCs (39.7%), which is about one third of all
landfalling TCs.

Apart from the different TC-structures among basins, and their related intensi-
ties, IMERG allowed us to identify the distinctive TC-structure between ocean
and inland. We found that the average rain rate over oceans is almost twice as
large as the one inland. Over the oceans, TC-rainfall clearly develops a peak
intensity in the eyewall, whereas for landfalling TCs such a peak does not exist

(see for instance, Tuleya et al., 2007).

Our approach classifies as land those T'Cs for which their storm centers are lo-
cated inland. Another approach would be that of Jiang et al. (2008a,b) in which
at least 60% of the rainfall pixels should be over ocean to consider an ocean-
based TC as such, regardless the position of the storm center. It is expected
that by the end of 2018 the re-analysis of the TRMM-era rainfall data will be
available from IMERG. Thus, a similar study to the one carried out here will

benefit from the evaluation of almost 20 years of TC-rainfall.

An accurate description of the spatial (and temporal) TC-rainfall structure pro-
vides a path towards the development of improved TC-rainfall models. Such

improved models potentially translate into our improved preparedness against
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this type of natural hazards.
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