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ENVIRONMENTAL STUDIES

Radar remote sensing reveals potential
underestimation of rainfall erosivity at the global scale

Qiang Dai', Jingxuan Zhu'®, Guonian Lv'#, Latif Kalin?, Yuanzhi Yao*3#, Jun Zhang'*, Dawei Han’

Rainfall kinetic energy (RKE) constitutes one of the most critical factors that drive rainfall erosivity on surface soil.
Direct measurements of RKE are limited, relying instead on the empirical relations between kinetic energy and
rainfall intensity (KE-I relation), which have not been well regionalized for data-scarce regions. Here, we present
the first global rainfall microphysics—based RKE (RKEpy) flux retrieved from radar reflectivity at different fre-
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quencies. The results suggest that RKEp, flux outperforms the RKE estimates derived from a widely used em-
pirical KE-I relation (RKEkg,) validated using ground disdrometers. We found a potentially widespread
underestimation of RKEx.;, which is especially prominent in some low-income countries with ~20% underesti-
mation of RKE and the resultant rainfall erosivity. Given the evidence that these countries are subject to greater
rainfall-induced soil erosion, these underestimations would mislead conservation practices for sustainable de-

velopment of terrestrial ecosystems.

INTRODUCTION

Soil erosion is a denudation or wearing process that drives the
splashing of tiny particles from the upper layers of the soil mass.
Accelerated soil erosion, primarily driven by anthropogenic distur-
bances, has detrimental impacts on the terrestrial ecosystem. Im-
proving the accuracy of soil erosion assessment models at the
regional and global scales is critical to ensure the sustainability of
conservation practices (1—4). Rainfall-induced soil erosion, which
is initiated by the kinetic energy of raindrop motion (5), accounts
for most of the global soil loss (6), yet the mechanistic representa-
tion associated with the rainfall energy in the current soil erosion
models remains largely uncertain.

The full dynamics of rainfall kinetic energy (hereinafter RKE)
can be quantified using raindrop microphysics, which includes
physical parameters for raindrop size and falling velocity.
However, quantification of the physical parameters and the associ-
ated observations for raindrop microphysics (velocity, size, and
morphology) at large spatial scales has been a long-term challenge.
It requires a better mechanistic understanding, considerable labor,
and a dense observational network with expensive equipment such
as disdrometers (instruments capable of measuring raindrop size
and falling velocity) (7, 8). To simplify the calculation, substantial
efforts have been devoted to the development of empirical relations
between RKE flux and rainfall intensity (also known as KE-I rela-
tion), represented in linear (9, 10), polynomial (11), exponential
(12, 13), logarithmic (14, 15), and power-law (8) functions.
However, such empirical relationships are regionally limited
under specific climate conditions and precipitation microphysics,
resulting in great uncertainties and poor spatial and temporal pre-
dictability of RKE and rainfall erosivity in many parts of the
world (16).

'Key Laboratory of VGE of Ministry of Education, Nanjing Normal University,
Nanjing, China. 2College of Forestry, Wildlife and Environment, Auburn University,
Auburn, AL, USA. 3School of Geographic Science, East China Normal University,
Shanghai, China. “Department of Hydrology and Atmospheric Sciences, The Uni-
versity of Arizona, Tucson, USA. *Department of Civil Engineering, University of
Bristol, Bristol, UK.

*Corresponding author. Email: gnlu@njnu.edu.cn (G.L.); yaoyuanzhi@auburn.edu
(Y.Y)

Dai et al., Sci. Adv. 9, eadg5551 (2023) 9 August 2023

This uncertainty is possible to enhance under the fact of climate
change. It has been observed that winter precipitation around the
world is shifting from snow to rainfall (17), which has much
larger kinetic energy with the same amount of precipitation, partic-
ularly in regions with a more maritime climate (18). In general,
raindrop size and velocity are sensitive to air temperature, which
would result in notable changes in RKE fluxes in the context of a
warmer climate (6). This has prompted the scientific community
to seek for previously unidentified technologies to monitor rain-
drop microphysics and the associated RKE dynamics at large
scales (19, 20).

In recent years, ground- and space-based radars have shown
promising capabilities for monitoring RKE fluxes (20-22). Com-
pared to the ground dual-polarization radars that are available in
limited areas (23), the space-borne dual-frequency precipitation
radar (DPR) radar contains Ku band (13.6 GHz) and Ka band
(35.5 GHz) on the Global Precipitation Measurement (GPM) core
satellite. It allows the global monitoring of the spatial distribution of
hydrometeors in three dimensions, providing new insights into the
overall assessment of global rainfall erosivity estimates.

Following the recent advancement of the DPR radar products,
we provide the first global-level estimation of rainfall microphys-
ics—based RKE (RKEpy) flux spanning from 2015 to 2019 at a
spatial resolution of 0.1° x 0.1° between 60°N and 60°S, covering
~87% of the Earth's land surface (~1.18 x 10 km?). We excluded
the boreal region of the North Hemisphere and Antarctica, assum-
ing that the RKEp is negligible in these areas. The raindrop mi-
crophysical characteristics are measured and considered in the
energy estimation (detailed descriptions of the workflow of the pro-
posed rainfall erosivity modeling can be found in fig. S1). The rela-
tionship between RKEjps; and rainfall intensity within and between
different years and regions is investigated. We evaluated the daily
rainfall and raindrop microphysics based on radar remote sensing
against meteorological data with 4,602,282 daily records and dis-
drometer data distributed around the world, which showed an
overall realistic representation of the observed RKE (Materials and
Methods and figs. S2 to S8). Our RKEypg products and the resul-
tant rainfall erosivity are then compared with the traditional
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estimates derived from a global KE-I relation (RKEgp ;), which was
incorporated into the Revised Universal Soil Loss Equation, version
2 (RUSLE2) model (24) and has been widely accepted for global and
regional applications. An in-depth regional analysis of RKE and
rainfall erosivity was conducted, unearthing a previously over-
looked caveat of the global rainfall erosivity assessments.

RESULTS
Global spatial and temporal patterns of RKE flux
Our results indicate that the annual RKE,py reaching the Earth's
land surface during the 2015-2019 period was 1.36 + 0.30 x 10'®
] year_1 (the SD indicates the interannual variation), and the flux
was 116.6 + 2.6 MJ ha™' year_1 between 60°S and 0°N. The
RKE)py fluxes show remarkable spatial heterogeneity, with the
area that has RKEypy flux greater than 322 M]J ha™! year_l
(~16.75% of the global RKEpy flux), occupying about 5% of the
study area, as depicted in Fig. 1A. The largest RKEypy fluxes
were observed in tropical regions, more specifically, the rainforests
in the Amazon basin of South America, Central Africa, and South-
east Asia (Fig. 1A), with the magnitude of fluxes in the range of
~200 to 500 MJ ha™" year™". On the other hand, as expected, arid
regions, such as the Sahara Desert in North Africa, western Asia,
and Australia in Oceania, had extremely low-level RKE fluxes
(lower than 20 MJ ha™! year_l) (Fig. 1A). At the continental level,
the RKE)py flux in Europe does not exhibit notable spatial varia-
tion, although its magnitude is comparable to those in Asia, North
America, and Africa (Fig. 1B). There is no substantial difference
between the annual RKE,py fluxes during the 5 years at the conti-
nental scale, except for Oceania, where a decreasing trend is ob-
served (Fig. 1B).

The global RKE)py; fluxes, in line with the monthly variations in
precipitation, show large seasonal variations (Fig. 2). In the North-
ern Hemisphere equatorward of 15°N, the greater amounts of

precipitation (300 to 500 mm) and RKEpy fluxes (25 to 40 M]
ha™! year™") occur from May to September, while the counterpart
of the Southern Tropic (from 0°S to 20°S) has comparable elevated
values from October to April. Precipitation and RKEpy; flux sys-
tematically decreased northward from 15°N to 30°N, followed by a
slight increase when moving further northward (from 30°N to
60°N), primarily driven by the vertical atmospheric circulation of
Hadley and Ferrel cells (Fig. 2). Similar latitudinal and seasonal pat-
terns in the Southern Hemisphere can be explained by the afore-
mentioned vertical atmospheric circulations. Collectively, the
average RKE)py flux in the tropics (from 23°S to 23°N) is around
three times greater than that in the temperate regions (north of 23°N
or south of 23°S). Furthermore, we observed an obvious seasonal
variation of the RKEypy flux in the tropics. For example, in the
northern part of South America (near the equator), the RKEypy
flux in September is less than half of that in March. However, a rel-
atively stable aperiodic RKEpy; flux is discernable at the temperate
regions of both the Northern and Southern Hemispheres.

Figure 2 shows that there is a strong synchronous temporal
pattern between the RKE,py fluxes and precipitation at the
monthly scale, which is also confirmed by the high correlations
between the RKE,py fluxes and precipitation at different months
with coefficient of determination (R?) values that are mostly
higher than 0.95 (fig. S9). This has been observed in the previously
documented site-level experiments (8, 14, 19, 20). Moreover, we
used rainfall energy density (RED) index, represented as the ratio
of annual RKEpy flux to annual precipitation, to investigate the
spatial inconsistency between them (Supplementary Text and fig.
S10). Specifically, we found that RKE,;py flux does not always
follow the same spatial pattern as rainfall, where we found the
lower RED in tropical forests that receive high annual rainfall and
high RED in the central United States with relatively low annual
rainfall (fig. S10).
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Fig. 1. The spatial pattern of RKEyp, flux and continental statistics. (A) Five-year averaged global RKEpy, fluxes estimated by remote sensing monitoring (GPM-L2 DPR
and GPM-L3 IMERG). (B) Boxplots for the spatially averaged RKE,p, fluxes of the six major continents. Note that the outliers are presented in Fig. 4.
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Fig. 2. The latitudinal representation of changes in rainfall intensity and RKEyp,, flux. (A) The monthly rainfall intensity averaged over the period 2015-2019. (B) The
monthly RKEye flux averaged over the period 2015-2019. The bands in the figures that are on the right side of the maps represent the 5-year average monthly variations.

Comparison of RKEs using rainfall microphysics and KE-/
relations

Following the evidence of the notable spatial inconsistency between
RKE fluxes and annual precipitation, we compared the rainfall
RKE)py flux derived from radar measurement against the RKE
flux based on a global KE-I relation (RKEgg ;). At the site level,
we were able to validate our rainfall and raindrop microphysics da-
tasets using global rain gauges and disdrometers (figs. S2 to S8 and
table S1). The results showed that, of the 8557 available gauges,
71.59% of the sites had absolute relative bias values less than 0.3
(fig. S2). The fitting curves of KE-I relations derived from GPM
DPR observation for RKE,py were also found to have an overall
realistic representation of the observed characteristics, with a
Pearson correlation coefficient greater than 0.5 and mean absolute
error (MAE) less than 5 ] m™~? mm ™, which is better than the em-
pirical formula used in the RUSLE2 model for RKEx 1, as shown in
fig. S4. Zooming in on individual stations, we found that the fit
curves of RKEpy are very close to the ones derived from drop
size distribution (DSD) data from disdrometers, while the ones of
RKEkp 1 show obvious shifting patterns (fig. S5). Collectively, those
for RKE)py are expected to outperform the KE-I relationship for
RKEy ; with a higher Pearson correlation coefficient (~0.57
higher) and lower MAE (~5.58 ] m~2 mm™" lower) (table S1).

We quantified the percent bias of RKE (PBIASgxg) for each grid
cell by comparing RKEypy; and RKEgg 1. The global distribution
and the averaged statistics at the country and continental levels
are presented in Fig. 3. A positive PBIASgy represents an overesti-
mation of RKE flux, and a negative PBIASyky denotes an underes-
timation of RKE flux (Fig. 3). We found a globally widespread
underestimation of RKE flux, with the lowest PBIASgxr (—14.5%)
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found in Africa, followed by Europe (—12.5%), North America
(=10.9%), Oceania (—10.36%), Asia (—8.12%), and South
America (—6.17%) (Fig. 3, A and B). Specifically, we identified
the hot spot of RKE flux underestimation in central Africa,
central Asia, and southern Asia, with the PBIASpkp reaching
—30% (Fig. 3A). For large countries with spatial heterogeneity
such as the United States, the underestimation is mainly distributed
in the Midwest and Southwest (such as Nebraska, Kansas, and New
Mexico). We averaged the PBIASy for each country and organized
the countries into underestimating and overestimation groups with
four income levels (Fig. 3C). We performed an unequal sample size
t test for each of the two income levels to determine whether the
PBIASgkr of two levels differed from each other. We found that,
in the underestimation group, the PBIASyxr values of the low-
income level are significantly lower than that of the other three
levels (P < 0.05 in ¢ test) (fig. S11A). None of the low-income coun-
tries were classified in the overestimation group, and none of the
other income level pairs show a significant difference (Fig. 3C
and fig. S11B).

The extremely large RKE fluxes associated with extreme events,
i.e., high outliers in the continental boxplots (see Fig. 1B), were
largely underestimated in tropical regions (Fig. 4). The magnitude
of the averaged outliers for RKE)py; flux and RKEgp ; flux in high-
latitude countries, such as the United States, Canada, Europe, and
Australia, was mostly less than 200 MJ ha™" year™", which is relative-
ly lower than that in the tropical regions (the ones distributed in
tropical regions shown in Fig. 4, A and B). The countries with
extreme events for RKEpy flux are primarily concentrated in trop-
ical countries, involving Africa, Central America, and Southeast
Asia (Fig. 4A). On the other hand, the number of RKE flux outliers
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Fig. 3. Summary statistics of the percent bias between RKE sy, flux and RKE .
lower middle (L/LM)-GNI (Gross National Income) regions is highlighted with slashes. (B) Continental statistics of PBIASgke. (C) The PBIASg«e boxplot of global countries
classified into underestimating and overestimation groups with four income levels (high, upper middle, lower middle, and low). Note that the error bars in (B) represent
interannual variations and the income classification was stated by the World Bank Analytical Classifications using GNI per capita in 2015 (43).
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Fig. 4. Summary of the outliers for RKE flux. The magnitude and number of outliers for RKEpy, flux (A) and RKE:, flux (B) at the country level. (C) The difference in the
averaged magnitude of outliers for RKEypy flux and RKExg, flux. (D) Continental averaged magnitudes of outliers for RKEy»4. (E) The difference in continental averaged
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in the high-latitude countries, excluding European countries, is
mostly less than 100 per 10° ha year™'. This number is much
higher in the tropical countries, reaching 7200 per 10° ha year™".
We calculated the deviation between the high outliers for
RKEjpy; flux and RKEgg ; flux at the country level and found that
most of the tropical countries, which can be considered as low-
income countries, suffer from a large underestimation, with the dif-
ference reaching 20 MJ ha™" year™" (Fig. 4C). The continental sta-
tistics also show that South America and Africa have the highest
RKE flux outliers (Fig. 4D). However, extreme events for RKE
flux show a large underestimation in Africa, while the ones in
South America are largely overestimated (Fig. 4E). The extreme
events of RKE flux (high outliers) may be the most critical factor
in soil erosion assessment because the extreme rainfall can induce
enormous soil mass wasting and landslides (12, 13).

Widespread potential underestimation of rainfall erosivity
using KE-I relations

Last, we quantified rainfall erosivity based on RKEypy (fig. S12) and
calculated the percent bias for the estimates of rainfall erosivity
(PBIASR) derived from RKEypy flux and RKEgg 1 flux (Fig. 5).
Like what has been observed for RKE fluxes (Fig. 3), we found sig-
nificant (P < 0.05) potential underestimation of rainfall erosivity
globally, with widespread negative PBIASg values (shown as warm
color in Fig. 5A). The continental-level statistics also suggest that
the largest underestimation of rainfall erosivity occurs in Africa,
with an average PBIASy of ~—8% (Fig. 5B). We conducted the
same country-level analysis for the PBIASy in the four income

levels. Results suggested that, in the underestimation group, the
PBIASy, in low-income countries are significantly (P < 0.05) lower
than in high-income countries, while the PBIAS; among the other
income levels do not show a significant difference (P > 0.05) (Fig. 5C
and fig. S13A). In the overestimation group, the PBIASy in low-
income countries are significantly lower than that in all three
levels (P < 0.05) (Fig. 5C).

The deviations between RKE,py flux and RKEgg_; flux and the
associated rainfall erosivity are primarily due to the empirical nature
of the equations, which relies largely on local ground observations.
In this study, the empirical global KE-I relation used in RUSLE2 (for
RKEp. 1) was established on the basis of the drop size data obtained
from sites in agricultural landscapes in the United States, eastern
Australia, and Zimbabwe, with a maritime climate condition (25—
27). Except for the one used in RUSLE2, other empirical KE-I rela-
tions using the local observations were mostly obtained in high-
income countries (8, 26, 28), such as the United Kingdom, the
United States, and Australia, while the ones for low-income
regions with different climates are still lacking (fig. S14). Thus,
the extension of a universal KE-I relation to the global scale is ques-
tionable due to the variation of local climate and land cover (16) and
may misguide the planning of regional water and land conservation,
thus threatening the local food provisioning systems. Moreover, the
existing KE-I relations developed using historical data may not be
suitable for the rainfall microphysics with changes under global
warming. This evidence enhances the necessity of using the
radar-based RKE flux with better representation of rainfall micro-
physics characteristics for global rainfall erosivity estimation.
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Fig. 5. Comparison of rainfall erosivity estimates derived from RKEp, flux and RKEyg, flux. (A) The spatial pattern of the 5-year averaged percent bias of rainfall
erosivity (PBIASg) estimates derived from RKEypy, flux and RKEe, flux with low-income regions is highlighted. (B) Continental statistics of the PBIAS. (C) The PBIASg boxplot
of global countries classified into underestimating and overestimation groups with four income levels (high, upper middle, lower middle, and low). The error bars in (B)

represent interannual variations.
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DISCUSSION

This study presents the development of raindrop microphysics
using the latest radar measurements and a radar-based RKE estima-
tion method. It is the first attempt to directly quantify RKE,;py
based on observed large-scale DSD for rainfall erosivity estimation,
and our method has been validated in the United Kingdom (19, 20,
29) and China (30, 31) in previous studies. Our proposed method
can effectively capture the spatial heterogeneity of RKE and rainfall
erosivity. The application of rainfall microphysics products is one of
the most promising technologies to fill the knowledge gaps of rain-
fall-related scientific problems. Considering the need for large-
domain observation of rainfall erosivity, applications of radar mea-
surements could be widely implemented in the near future (20).

RKE fluxes and the resulting rainfall erosivity are expected to in-
crease under climate change. According to the ensemble climate
projections of multiple climate models under different CO, emis-
sion scenarios defined by the Intergovernmental Panel on Climate
Change (IPCC) (32), there would be a widespread increase in
climate extremes with heavier rainfall (33), which would be most
likely to increase the proportion of large raindrops (34) and
further increase soil erosion. This is because weather systems feed
on the water vapor stored in the atmosphere, and an increase in
water vapor generally increases the intensity of precipitation. Fur-
thermore, the phase change of water from snow and ice to liquid in
clouds would increase the likelihood of precipitation falling as rain
rather than snow (33). We therefore expect more rainfall in the
future, which would result in substantial increase of RKE flux and
rainfall erosivity. This fact potentially biases the existing KE-I rela-
tionship; therefore, direct inference of RKE from observations is
more promising to capture the rainfall erosivity characteristics in
the changing environment.

Although the accuracy of ground observations such as disdrom-
eters is the most convincing, these observation-based sites are too
few on a global scale (fig. S13). For example, the KE-I relations in the
RUSLE2 model include three sites in the United States, two sites in
Australia, and one site in Zimbabwe. Upscaling the empirical equa-
tion based on only six sites to the global scale would be problematic
due to the obvious low representativeness of the climatic conditions
and landscape features of the different sites, which has been also
demonstrated by the recently updated KE-I relations worldwide
(blue-colored sites in fig. S14). On the other hand, the limited
number of observations inspires the approaches using remote
sensing technology with more physical representations. Encouraged
by the progress in this work, we argue that more coordinated efforts
and investments are needed to improve the accuracy of global RKE
estimates that are based on comprehensive rainfall microphysics.
The combination of macroscopic and microscopic capabilities is
promising to be improved by the scientific community to better
constrain the associated parameters for a predictive understanding
of soil erosion.

The substantial bias in the estimation of global RKE and the as-
sociated rainfall erosivity is primarily due to the uneven distribution
of disdrometer observations, which are mostly located in limited
sites with maritime climate conditions. Note that this study only
highlights the spatial heterogeneity of RKE due to climate variation
and does not imply a causal relationship between the underestima-
tion of RKE and income levels. When climate conditions change,
the performance of the fixed empirical equation may decrease

Dai et al., Sci. Adv. 9, eadg5551 (2023) 9 August 2023

notably, as in the tropical African countries without disdrometer
observations. These countries would be more challenged in the
future to meet their growing food demand. The United Nations
projects high population growth rates in these low-income coun-
tries, particularly in Africa, raising concerns about future food
and water security (35). The projected expansion of cropland
could substantially aggravate the devastating conditions that they
now suffer. It also implies the weaker resilience responding to the
increasing challenges in the future. Although the previous seminal
research suggested that low-income countries experience higher
rates of soil erosion (25), their estimates were still largely underes-
timated as revealed in this study. Better estimates are urgently
needed in these regions to help decision-makers avoid the mislead-
ing results. The combination of skills is less dependent on the local
equipment and thereby can help to mitigate the global knowledge
inequalities.

MATERIALS AND METHODS

We proposed a framework for RKE,;py and the associated rainfall
erosivity (Rypy) based on remote sensing data, including the DPR
level-2A (2ADPR) product and the Integrated Multi-satellitE Re-
trievals for GPM (IMERG) product (fig. S1). The former radar
data were used to generate the rainfall microphysical parameters
using a gamma distribution function. The RKEypy; was then esti-
mated using the retrieval DSD and unit kinetic energy—generated
method. The RKE,py; was calibrated and validated using disdrom-
eter data to ensure a solid performance of the RKE estimation. Last,
the rainfall erosivity was calculated using the estimated RKE
(RKEyprr) together with the rainfall intensity collected from the
IMERG product (fig. S1). The detailed information on the genera-
tion of RKE,;py and rainfall erosivity is given below.

Gamma DSD function

The DSD, defined as the probability density function of raindrop
size, is a statistical property that has been widely used to describe
the microphysical characteristics of rainfall (35). We adopted a
gamma distribution function to represent the natural DSD in the
liquid phase using three geophysical parameters: mass-weighted
mean raindrop diameter (D,,), normalized intercept parameter
(N,,), and shape factor (u). This function is commonly used to de-
scribe the natural variation of the DSD, given by the equation (36)

N(D) = N, f(p) (D%> PeXP [_ %}

(1)

p+4
70 =Sy @)

where I represents the gamma function, p is the shape factor of the
gamma DSD, N,, (per millimeter per cubic meter) is the normalized
intercept parameter, and D,, (millimeters) denotes the mass-
weighted mean drop diameter. In the GPM DPR algorithm, p is
assumed to be 3, so the two DPR-derived parameters (D,, and
N,,) are used to build the DSD model.

DSD retrieval model using radar measurements
To derive the two unknown DSD parameters (D,, and N,,), we ob-

tained radar reflectivity at two different frequencies, where the
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effective radar reflectivity factor can be expressed in terms of DSD
and the backscattering cross section. In terms of radar waves, the
Ku-band (13.6-GHz) and Ka-band (35.5-GHz) channels of the
GPM DPR data occupy active phased array elements, providing
high-resolution three-dimensional rain echoes. As rainfall intensity
Ipsp can be estimated by the DSD model using

Ipsp = 6m x 1074 JN(D)D3V(D)dD (3)
where V(D) is the raindrop fall velocity related to the raindrop di-
ameter. Then, two types of I-D,, relationships are applied to the
stratiform precipitation in Eq. 4 and to the convective precipitation
in Eq. 5, as recommended by Iguchi et al. (37)

IDSD — 0.401844649Dm6413l

(4)

IDSD — 1.370844258Dm5420

(5)
where ¢ is an adjustment factor, and, once Ipgp and D,, have been
determined, N,, can be obtained. Among the 176 sampling range
bins in the vertical direction of the echo (each bin is ~125 m
high), only bins above the ellipsoid have valid detections. We ex-
tracted 212, 329, and 561 pixel (or footprint) records in the
surface real bin with ocean excluded from 2ADPR normal swath
orbital Hierarchical Data Format version 5 (HDF5) files [49 x
7926 x 176 x 32,537 (number of beams in orbit width x number
of beams in orbit length x number of spatial range bins x
number of orbital files) ~ 2.22 x 10'? pixel records in total]. On
the basis of the DSD parameters (D,,, and N,,) derived from each
available DPR record, RKE can then be calculated by the corre-
sponding pixel DSD model (20).

Estimation of unit kinetic energy by DSD

In the proposed method, the unit kinetic energy is estimated from
the mass and the terminal velocity of each raindrop, which was
derived from the DSD with respect to the raindrop size and concen-
tration. The raindrop kinetic energy (e; unit, joules) shows strong
relationships of increasing splash erosion with increasing energy,
which is defined as follows

(6)

where m (grams), v (meters per second), and D (millimeters) are the
mass, terminal velocity, and diameter of a drop, respectively. The
unit RKE (KE) (joules per square meter per millimeter) for the
tth minute can be calculated as the product of the kinetic energy
of each drop of each diameter class k, as follows

1 1
e=-mv*=-—10°npv’D’
2 12

esum 1 s

KE =5 = A—Pt;mek (7)
where A represents the sample area (square meters), P, is rainfall
depth (millimeters) from (tf — 1)th to tth minute, and Ny is the
number of drops in class k. Because the kinetic energy of a drop
is strongly related to its size and terminal velocity, e of a given
drop is derived from the product of its mass and the square of its
terminal velocity.

Dai et al., Sci. Adv. 9, eadg5551 (2023) 9 August 2023

RKE estimated using radar and KE-I relation
On the basis of the estimated unit RKE, the event RKE (E,) calcu-
lation is defined as

nt
E. = KEP, (8)
=1
where P, is the rainfall amount (millimeters) in the tth minute and
nt is the number of time steps.

As mentioned above, KE for a specific location is determined on
the basis of the size and velocity of the raindrops. However, because
of the uneven distribution of ground disdrometers and the opera-
tional limitations of the satellite, the estimation of KE often relies on
empirical relationships using rainfall intensity Inyprg (millimeters
per hour). The KE-I relation widely used in the literature is ex-
pressed as an exponential relationship

KE = oy (1 — ae™™) (©)

where e, is the maximum value of energy measured under high
rainfall intensity and a and b are shape parameters. All of these pa-
rameters can be estimated by fitting curves using available DSD
measurements. Here, the maximum KE can be determined by the
parameters a and e,,, while the overall shape of the curve is
modeled by the parameter b. The most commonly used KE-I rela-

tion now is the following equation recommended by Brown and
Foster (12) and revised in RUSLE2

KE = 0.29(1 — 0.72¢%%82]) (10)

However, the application of Eq. 10 has been mostly limited to the
United States (38). On the basis of Eqs. 8 and 10, the global RKEpy
and RKEgp y are estimated separately.

RKE calibration

The estimation of RKE,py requires substantial calibration efforts.
Here, we used DSD records to correct the estimates reproduced
by the radar-derived RKE model. To ensure the data quality, we
screened the raw data with the number of available DSD records ex-
ceeding 5 within a 30-min time interval. We quantified the arith-
metic mean within the 5th to 95th percentile of the DPR-derived
KE (RKE for the tth minute) records for a resistant measure. We
georeferenced the record-based RKE and compared it to the grid-
level RKE at a 30-min time scale. We aggregated the 30-min devia-
tions to a daily level and performed adjustments for each grid based
on the difference between the two RKEs.

We also conducted a bias correction on the final RKE;py
product to mitigate the system errors of the radar observation.
Here, ground disdrometers are considered as a reference for the cor-
rection of the RKE model driven by radar-derived KE-I relations
and IMERG rain rate data. We compared the mean RKEs generated
by the two approaches at the daily level and conducted a first-order
(linear, slope = 0.85 with intercept being set to be 0) adjustment for
the entire RKE dataset.

Rainfall erosivity estimation

Rainfall erosivity is commonly estimated by multiplying the accu-
mulated RKE of the event by the maximum 30-min rainfall intensity
(I30). We used a continuous 6-hour dry period interval (with no
rainfall at all) to divide rainfall events (14, 24, 39) and predefined
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the rainfall amount threshold as 12.7 mm to distinguish whether
these events are erosive (14, 24). The start and end times of
erosive rainfall events were recorded in all grids within 5 years. I,
can be approximated by rainfall intensity of 30-min equal intervals
(40); therefore, we obtained event rainfall erosivity by multiplying
event total RKE and event maximum rainfall intensity. We then cal-
culated rainfall erosivity by summarizing event rainfall erosivity at
monthly and annual scales.

Validation

Uncertainty in the modeled results primarily originates from data
measurement errors and the RKE derivation method. Therefore,
we implemented a robust validation to ensure the quality of our
RKE data product, including rainfall intensity validation and rain-
drop microphysics validation. For rainfall intensity data, we con-
ducted validation using the National Oceanic and Atmospheric
Administration Global Surface Summary of Day (41) meteorologi-
cal data with 4,602,282 daily records spanning from 8557 available
gauges during 2015-2019, 60°S to 60°N (see fig. S2). Moreover, for
radar products, recent studies have suggested a notable improve-
ment of the DSD obtained by DPR, especially because the technol-
ogy is mature at the V06 stage (20, 39). Therefore, in this context, we
used disdrometer data covering the period from 2015 to 2019
(which is consistent with the DPR operation time) as a reference
for our DSD validation. We used Pearson'’s correlation coefficient
and MAE to evaluate the DPR-derived formulas against the ob-
served KE-I patterns. In addition, the mean values of rainfall micro-
physical parameters (D,, and N,,) and the unit RKE (KE) were
compared between disdrometers and DPR at six intensity scenarios,
including [0.1, 0.5), [0.5, 1), [1, 2), [2, 4), [4, 8), and >8 mm h™" in
figs. S6 to S8.

Statistical analyses
With RKE,,py; as the reference, we define PBIASyxy as

(RKEKEfl — RKEMPH) x 100
RKEyipy

Following the definition in Eq. 1, we quantified PBIASy as

PBIASpkr =

(11)

(RKEfl — RMPH) x 100

PBIASg = R
MPH

(12)

where Rgg; and Ry py represent rainfall erosivity derived from
RKExg 1 and RKEypy, respectively.

We quantified high outliers for the grid-scale RKE at the conti-
nental scale

High outlier = Q; + 1.5 x IQR (13)

where Qs is third quartile and IQR is interquartile range.

We conducted linear regression for the country-level RKEy;py
and the associated rainfall erosivity (Figs. 3 to 5), setting P < 0.05
as the statistical significance level. Countries with PBIAS less than
1% were removed from the linear regression. The 2015 cropland
data shown in fig. S3 were obtained from History Database of the
Global Environment land-use dataset (42), and GDP statistics for
national and subnational analyses were obtained from the World
Bank (43) and Kummu et al. (44), respectively.

Dai et al., Sci. Adv. 9, eadg5551 (2023) 9 August 2023

IMERG rainfall intensity data

IMERG-Final Run is a level 3 product of the GPM satellite that in-
tercalibrates, merges, and interpolates with multiple satellite precip-
itation estimates while having part of the same data source as the
DPR data that we used. It is a reliable precipitation data with high
spatial (0.1° x 0.1°) and temporal (30-min) resolution and better
performance (including correlation coefficient, bias, and errors)
compared to other data fusion products (45, 46), such as
CMORPH, TMPA 3B42RT, and TMPA 3B42V7.

Supplementary Materials
This PDF file includes:
Supplementary Text

Figs. S1to S15

Tables S1 to S3
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