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1 Introduction

In the context of global environmental challenges, such as climate change, land
degradation, and biodiversity loss, knowledge of soil erosion is more critical than ever before.
Soil erosion can have severe economic, environmental, and social impacts, including reduced
agricultural productivity, increased sedimentation of waterways, and reduced water quality.
Therefore, accurate measurement and prediction of soil erosion rates are essential for
identifying areas of high risk and developing appropriate mitigation measures. As is a driving
force of soil erosion, rainfall can significantly affect soil erosion rates by detaching and
transporting soil particles (Wischmeier and Smith, 1958). The erosive potential of rainfall on
soil, referred to as rainfall erosivity, is a key factor in soil erosion models, such as the Universal
Soil Loss Equation (USLE (Wischmeier and Smith, 1978)) and the Revised Universal Soil Loss

Equation (RUSLE (Renard, 1997)).

Recent research has emphasized the importance of adopting a microphysical perspective
when studying rainfall erosivity, which takes into account the interaction mechanism between
raindrops and soil. This interaction is primarily driven by the kinetic energy carried by
raindrops. Raindrops, with their impact force and energy, have the potential to cause soil
disintegration and mobilization. The size distribution of raindrops (DSD) is a critical factor that
affects their terminal fall velocity and kinetic energy, which ultimately determine the rainfall
erosivity. Disdrometers are devices used to measure the size and velocity of raindrops by using
laser or impact sensors. They are considered to be the most accurate method for measuring
DSD and have largely replaced older methods such as the paper and pellet method (Marshall
and Palmer, 1948; Wischmeier and Smith, 1958) or high-speed cameras (Jones, 1959; Kinnell,

1981; Mclsaac, 1990).

However, due to the high cost of disdrometers, they cannot be widely deployed, and many
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studies have instead used the empirical relationship to estimate rainfall energy. Previous studies
have relied on more easily accessible rainfall intensity records to estimate rainfall kinetic
energy (KE) using the empirical relationship between unit kinetic energy (KE) and intensity
(I). The exponential relationship between drop size and intensity was first observed by
(Marshall and Palmer, 1948), and since then, various forms of KE-I mathematical expressions
have been proposed for specific locations and climatic conditions, including power-law
(Meshesha et al., 2016; Park et al., 1980), linear (Nyssen et al., 2005; Sempere-Torres et al.,
1998), polynomial (Carter et al., 1974), logarithmic (Davison et al., 2005; Meshesha et al.,
2014; Wischmeier and Smith, 1958), and exponential (Brown and Foster, 1987; Kinnell, 1981;
Rosewell, 1986) relationships. Currently, the exponential function is preferentially used (Fornis
et al., 2005; Lim et al., 2015; Petan et al., 2010; Sanchez-Moreno et al., 2012; van Dijk et al.,
2002) due to its finite positive value at zero intensity and the asymptotic value at higher
intensities (Brown and Foster, 1987; Kinnell, 1976). Accurate KE—I relationships are derived
using DSD measured by disdrometers (Angulo-Martinez et al., 2016; Meshesha et al., 2016).
The most widely used KE-I relationship at present is recommended in the Revised Universal
Soil Loss Equation version 2 (RUSLE2) manual (USDA-Agricultural Research Service, 2013),
which is an exponential relationship between KE and rainfall intensity. This equation has been
widely adopted and used in various rainfall erosivity and soil erosion studies due to its
simplicity and ease of use (Fenta et al., 2023; Nearing et al., 2017; Panagos et al., 2017, 2015;

Xie et al., 2016).

Due to the limited availability of disdrometers, soil erosion estimation on a large scale
requires the use of satellite and reanalysis datasets, which are currently the mainstream and
future trends for obtaining precipitation information with high spatio-temporal resolution over
large areas. Compared to rain gauges and weather radars, satellite-based precipitation estimates
have significant advantages in terms of spatial coverage. They provide homogeneous

3
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observation data, avoiding the high cost associated with ground observation networks, although
they may have longer revisiting periods (Hong et al., 2019). Since the launch of the Tropical
Rainfall Measuring Mission (TRMM) (Kummerow et al., 1998) in late 1997, various multi-
satellite precipitation products have emerged, such as the TRMM Multi-satellite Precipitation
Analysis (TMPA) (Huffman et al., 2007), Climate Prediction Center MORPHing technique
(CMORPH) (Joyce et al., 2004), and the Integrated Multi-satellitE Retrievals for Global
Precipitation Measurement (IMERG) (Huffman et al., 2020). Reanalysis precipitation products
(RPDs) provide long-term, spatially consistent and temporally continuous precipitation
estimates derived from numerical weather prediction models, assimilating diverse
observational data (Li et al., 2022). While RPDs are valuable for hydrological and ecological
modeling, as well as climate analyses, their accuracy is influenced by model physics and can
be sensitive to small changes in temperature and humidity fields (Li et al., 2022; Sharifi et al.,
2019). Additionally, they offer snowfall estimates that enable the evaluation of snowfall
estimates from satellite products (Tang et al., 2020). In recent years, significant advancements
have been made in data assimilation and model physics in reanalysis datasets. Commonly used
reanalysis datasets include ERA-Interim (Dee et al., 2011), ERAS5 (Hersbach et al., 2020), and
ERAS5-land (Mufioz Sabater, 2019) produced by the Medium-Range Weather Forecasts
(ECMWF), as well as Japanese 55-year Reanalysis 55-year Reanalysis (JRA-55) (Kobayashi
et al., 2015) by Japan Meteorological Agency (JMA) and Modern-Era Retrospective Analysis
for Research and Applications, version 2 (MERRA2) (Gelaro et al., 2017) by National

Aeronautics and Space Administration (NASA).

Currently, there are still two major knowledge gaps regarding the rainfall energy
estimation at a large-scale. Firstly, it is necessary to investigate the applicability of KE-I
relationships derived from disdrometer measurements in large-scale gridded precipitation data.
Disdrometers provide point-scale precipitation characteristics, and it is uncertain which KE-I

4



85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

relationship derived from them can accurately be applied to those grid products. It is essential
to assess the compatibility of these relationships with remote sensing and reanalysis datasets to
ensure accurate and reliable estimation of rainfall energy at grid scales. Secondly, the
traditional approach of rainfall energy estimation on large-scale grids using the fixed KE-I
relationship introduces significant uncertainties as it neglects the spatial variability of the KE—
I relationship. By relying on fixed relationships, the spatial variations in rainfall characteristics
are disregarded. To address this issue, it is essential to incorporate the limited data from
disdrometers and explore spatially varying KE—I relationships. Such an approach can capture
the spatial variability of rainfall characteristics and provide more accurate estimations of

rainfall energy on the large scale.

In our recent study, Dai et al. (2023) calculated global rainfall energy based on the
assumption that IMERG rainfall is accurate, using the DPR-based and RUSLE2-recommended
empirical formula. On this basis, this study aims to further compare the performance of fixed
(recommended in RUSLE2) and disdrometer-derived local microphysics-based KE-I
empirical relationships for estimating rainfall energy by using remote sensing satellite and
reanalysis precipitation datasets. The comparison is conducted across daily and monthly scales
to provide a comprehensive understanding of the differences between the methods. The results
of this study are expected to provide valuable insights into the applicability of using gridded
precipitation datasets for large-scale soil erosion estimation, as well as underscore the
significance of taking into account the unique characteristics of rainfall erosivity in different

regions.

2 Study area and data

2.1 Study area

This study focuses on the entire UK as the research area, investigating its rainfall erosivity
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conditions. The UK is known for its varied climate conditions, with a temperate maritime
climate prevailing across most regions. The country experiences moderate to high rainfall
throughout the year, with the western regions receiving higher annual precipitation compared
to the eastern parts. Water is widely acknowledged as the primary driver of soil erosion in the
United Kingdom, with a greater emphasis placed on water erosion compared to wind erosion
(Evans et al., 2017). This focus is mainly attributed to the vulnerability of arable land, where
the soil is exposed and susceptible to erosion during the annual cycle of sowing and subsequent
harvesting. According to the government report, the utilized agricultural area in the UK is of
substantial extent, covering approximately 16.8 million hectares in 2022, which accounts for a
significant 69% of the country's total land area. The exposure of bare cultivated land increases
the risk of erosion caused by rainfall and runoff. Evans et al. (2017) assessed the risk of soil
erosion by water in England and Wales, revealing that areas with a moderate or higher level of
risk are widespread across the whole England. Panago et al. (2021) predicted that soil erosion
in the UK will increase by approximately 20% to 50% compared to the levels estimated in 2016

by the year 2050.
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Figure 1 DEM map with disdrometer distribution in the study area.
2.2 Data
2.2.1 Ground DSD data

Disdrometer Verification Network (DiVeN) (Pickering et al., 2019) served as the reference
for measuring drop size distribution (DSD) in this study. The network consisted of 14 Thies
Clima Laser Precipitation Monitor (LPM) disdrometers deployed across the entire UK from
2017 to 2019. It is worth noting that, for the purpose of this investigation, data from 13 LPMs
were used due to the absence of spectrum data from the 14th disdrometer located at Coverhead.
Unfortunately, one of the disdrometers located at Coverhead did not provide DSD data,
resulting in the utilization of 13 LPMs for the investigation (Figure 1). Each LPM has a
measuring horizontal area of 45.6 cm?, with dimensions of 228 mm in length, 20 mm in width,
and 0.75 mm in thickness. The LPM employs a method of measuring the maximum attenuation
of the signal to determine the size of precipitation particles. Additionally, it estimates the fall
velocity of these particles by analyzing the duration of their presence within the laser beam.
Equipped with this technology, an LPM is capable of recording the number of raindrops passing
through 22 unequal diameter bins ranging from 0.125 to 8 mm, as well as 20 unequal velocity
bins ranging from 0 to 10 m-s’!, every minute. Further details regarding the specific data

availability for each disdrometer can be found in Table 1.

Table 1 Information of 13 available LPMs in DiVeN.

Number of
ID Name Latitude (°) Longitude (°) Startdate End date
available records

1 Chilbolton 51.15 -1.44 2017/2/10  2019/9/30 59,019
2 Chilbolton2 51.15 -1.44 2017/2/10  2018/3/12 25,265
3  RUAO 51.44 -0.94 2017/2/13  2019/9/30 59,576
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4  Cranfield 52.07 -0.63 2017/2/16  2019/8/23 55,396

5 Weybourne 52.95 1.12 2017/2/17 2019/9/30 56,787
6  Aberystwyth 5242 -4 2017/2/20  2019/9/30 82,060
7  Lancaster 54.01 -2.77 2017/2/22  2019/9/30 66,450
8 Edinburgh 55.92 -3.17 2017/2/24  2019/9/30 55,960
9 Laurieston 54.96 -4.06 2017/4/21  2019/9/30 86,642
10 Holme Moss 53.53 -1.86 2017/3/10  2019/9/30 52,105
11 Cairngorm 57.13 -3.66 2017/6/14  2019/9/30 64,093
12 Feshie 57.01 -3.86 2017/6/14  2019/9/30 18,210
13 Coverhead 50.86 -3.24 2017/11/8  2019/9/30 42,755

Disdrometers are used to study the microphysical processes of rainfall and has the ability
to divide precipitation types, such as drizzle, rain, snow, grains and hail, as recorded in present
weather (PW) code (Pickering et al., 2019). In this study, LPM recorded the diameter and fall
velocity of all observed raindrops into 22 and 20 bins in the 1-minute interval. After processing
data quality control referring to Yang et al. (2022), data points with rainfall intensities below
0.1 mm-h! (Dai et al., 2020; Yang et al., 2019; Zhu et al., 2021) and those identified as non-
rain records by the present weather code were also excluded to eliminate interference. Figure
2 illustrates the scatter plot of the mass weighted mean drop diameter (D) and normalised
intercept parameter (N,) relationship before and after the filtering process based on the
disdrometer. The colored dots represent PW code-defined different types of rainfall (light,
moderate and heavy) considered in this study, while the gray dots represent errors or other types
of precipitation that were not taken into account in this analysis. Taking the Chilbolton1 site as
an example, where the number of data records in minute resolution was reduced from 353,006

to 59,019. The number of available records for each station is displayed in Table 1.
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Figure 2. Scatter plot of logioN.~-D,, for different precipitation types at 13 disdrometer stations.
Note: Colored dots represent different precipitation levels defined by PW codes considered in
this study, where orange represents light rain, yellow represents moderate rain, purple
represents heavy rain, and gray represents errors or other precipitation types excluded from the

analysis.
2.2.2 IMERG dataset

Among multi-satellite precipitation products, IMERG is considered one of the most
reliable satellite-based rainfall estimation datasets. It utilizes the combined precipitation
estimates from various satellite passive microwave (PMW) sensors in the Global Precipitation
Measurement (GPM) constellation using the Goddard Profiling Algorithm (GPROF2017)
(Randel et al., 2020). The estimates are intercalibrated to the GPM Combined Ku Radar-
Radiometer Algorithm (CORRA) product and merged into half-hourly 0.1°x0.1° fields
(Huffman et al., 2020). For this study, the Final Run of the GPM Level 3 product IMERG V06
was used to represent remote sensing observations at a resolution of 0.1°x0.1° and a temporal
resolution of 30 minutes within 60°S-60°N, which is calibrated using vertically integrated

vapor from MERRA2 and Global Precipitation Climatology Centre monthly gauges. In
9
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addition, Mahmoud et al. (2021) evaluated the performance of IMERG in Finland (60°-70°N)
and found that more than 60% of rainfall events were detected even in the 60°-63°N range. In
general, it has a latency of about 3.5 months, and the precipitationCal field, which represents

the fully calibrated precipitation, is the most appropriate data field for research purposes

(Huffman et al., 2020).

2.2.3 ERAS-land precipitation dataset

ERAS5-land (Munoz Sabater, 2019), also known as the fifth-generation global reanalysis
dataset for land, is the latest global land reanalysis from ECMWE, represents a notable
advancement in terms of spatiotemporal resolutions compared to its predecessors, ERA-
Interim (Dee et al., 2011) and ERAS5 (Hersbach et al., 2020). It offers high-resolution and
quality-controlled data specifically tailored for land surface applications. With a spatial
resolution of 0.1° (~9 km), ERA5-land provides detailed information on various meteorological
variables such as temperature, precipitation, wind, and radiation, covering the entire globe.
ERAS5-land has a comprehensive temporal coverage starting from 1950 to 2-3 months before
the present day, allowing researchers and practitioners to analyze long-term trends and
variability in land surface conditions. It is a replay of the land component of the ERAS climate
reanalysis, forced by meteorological fields from ERAS. Notably, ERA5-land always uses
forcing fields based on the final release of ERAS (Mufioz Sabater, 2019). ERA5-land comes
with a series of improvements that enhance its accuracy for all types of land applications. It
incorporates advancements in land surface models and assimilates a wide range of
observational data, including satellite observations, ground-based measurements, and
reanalysis data. These enhancements result in more reliable estimates of meteorological
variables at the land surface, making ERA5-land a valuable resource for climate research, water
resource management, ecosystem modeling, and weather forecasting at regional and global

scales.

10
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3 Methodology
3.1 DSD model

The variability of the DSD model is typically represented using a normalized three-
parameter gamma model (Dai et al., 2020; Dai and Han, 2014; Ulbrich, 1983), which is

expressed as follows:

1
N(D) = N, £ el - 00 M

m m

where N(D) represents the number of particles comprised by each unit diameter interval, Dy,

(mm) is the mass-weighted mean drop diameter parameter of the gamma DSD, N,, (mm !-m3)
is the normalised intercept parameter, I'(n) is the mathematical gamma function, and f{u) is a
function of the shape parameter x, which is defined as:

6(4+ )

f(ﬂ):m.

)

Therefore, N(D) using disdrometer records can be calculated by summing up the number

of raindrops in each diameter and velocity range, as shown below:

1,J

n. .
N(D,) = b 3
;1 AAtv,AD, €)

where 7 and J represent diameter and velocity bin numbers respectively, D; (mm) denotes the
mean volume equivalent diameter of the ith size class, v; (m's™!) is the mean particle speed for
velocity class j, n;; is the number of raindrops at the specific diameter bin i and velocity bin j,

A; (m?) is the sampling area of sensor, and A¢ and AD are the sampling range of time and

diameter, respectively.

11
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3.2 Rainfall energy estimation

Rainfall energy is a critical parameter in soil erosion research as it governs the detachment,
transportation, and deposition of soil particles. It is defined as the energy carried by the
raindrops in motion and is determined by the size and velocity of the individual raindrops. The
mathematical expression for the kinetic energy of a raindrop (e, unit: J) can be written as

follows:

4
e=Lmr=Lige mov,’D; @
2 12

where p is the water density (1 g.cm™). The total kinetic energy of raindrops falling in the
unit volume, or KE (J-m 2mm™"'), is generally used to express rainfall energy. The KE of the

tth time step (KE;) can be calculated as follows:

1 1,J 5
KE = G oo n e ©)
Apt Apt i=l

where e; (J) and p; (mm) are the total raindrop kinetic energy and rainfall depth during rth time

step. As the disdrometer has a sampling interval of 1 minute, equation (5) can be rewritten as:

60 < (6)
KE=—"-=—>n e .
t AI AI Z L] L]

t ¢t i=1
I, =6xx10™ [ N(D)DV(D)dD (7)

where I is the rainfall intensity (mm-h™!) calculated from the DSD data during the ¢th minite.

Thus, on the daily scale, the daily rainfall energy (E4) represents the sum of the storm

energy over all time steps in a day, which is calculated as follows:

12
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where 7=1440 is the number of minutes in a whole day.
3.3 Development of KE-I relationship models

In regions where disdrometers are not available, rainfall KE; can be estimated using
empirical relationships based on rainfall intensity (/) using mathematical forms. In order to
investigate more accurate estimations of large-scale rainfall energy, this study formulated four
models for generating KE-I relationships, all of which were expressed in an exponential form,

expressed as:
KE =e,,,[1-aexp(=bI)] ©)

where enax 1s the average maximum value of energy measured under high rainfall intensity, and

a and b are coefficients that model the curve of the equation.

The first model, F1, represented the fixed KE-I relationship recommended by USDA-
Agricultural Research Service (2013) for RUSLE2. It assigns a value of 29 to ema, with
coefficients a set at 0.72 and b at 0.082, and incorporates an improved b based on the research
by Brown and Foster (1987). This empirical function has been extensively adopted and applied
in various regions across the globe (Nearing et al., 2017; Panagos et al., 2017, 2015; Xie et al.,
2016). The second model, F2, utilized a partially fitted curve that incorporated disdrometer
data while maintaining a fixed enax value of 29. The coefficients a and b were derived from
fitting the disdrometer data. To constrain the equation, an assumption was made regarding the
value of eax, following the recommendations of Rosewell (1986) and Brown and Foster (1987).
In the third model, F3, e was set to the mean KE value corresponding to high precipitation

intensity (>40 mm-h'!) before other coefficients were fitted. This model recognizes that emax

13
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may vary regionally, implying that different locations may exhibit regional differences in KE
values. Finally, the fourth model, F4, was a fully fitted curve in which all three coefficients
(emax, 2, and b) were derived from fitting the disdrometer data. In this model, e was treated
as a coefficient without a specific physical interpretation, and its value was determined purely

to optimize the equation fitting.

3.4 Evaluation methods

Five metrics, including Pearson correlation coefficient (CC), mean absolute error (MAE),
mean bias error (MBE), root mean square error (RMSE), relative bias (BIAS) and standard
deviation (STD), were selected to evaluate the accuracy and error of using the fixed and
disdrometer-derived local microphysics-based KE-I relationships in the IMERG and ERAS
products to calculate rainfall erosivity against dense disdrometers. CC describes the strength
of association between the rainfall energy of large-scale datasets and ground observations.
MAE quantifies the average magnitude of errors, while MBE shows whether the average error
is positive or negative. RMSE measures the standard deviation of the errors. BIAS represents
the difference between the estimated and observed values, normalized by the mean of observed

values. These metrics mentioned above are defined in Table 2.

Table 2. Statistical evaluation metrics for evaluating the rainfall erosivity estimation ability of

grid products.
Evaluation Metrics Formulas Perfect
value

Spearman correlation coefficient Z (E. —E)O,-0) 1
CC = i _ i _

(CC) \/Z(E[—E)\/Z(O,»—O)

Mean absolute error (MAE) Z|O _ E| 0
MAE = —

n

14
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Mean bias error (MBE) 0.-E. 0
MBE = Z( : 1)

n
Root mean square error (RMSE) 1 5 0
russi = (L5 (0,-E)
n
Relative bias (BIAS E -0, 0%
elative bias ( ) BIAS — MMOO% 0
2.0
Standard deviation (STD) 0

1 —2
STD—\/NZ(E,.—E)

where n is the number of samples. E; and O; are the values of the valuated data from grid
products and observed data from ground disdrometers, respectively, for the ith sample. E

and O are the mean values of E; and O;, respectively.
4 Results
4.1 Disdrometer-derived KE-I relationships

Figure 3 shows the occurrences of KE—I relationships together with fitting curves derived
by the four models (F1 to F4), calculated from the disdrometer data at 13 different sites. Table
3 presents the coefficients associated with each curve for every site. The results reveal that the

majority of KE-I records are concentrated in the range of low KE (<15 J m 2mm ') and low I

(<10 mm-h!") values. Combined with the curves, we found that the challenge faced by F1 model
in capturing the geographical variability of rainfall microphysical characteristics. The emax
value in F1 often exceeds the actual values observed at these stations. In contrast, F4, as a fully
fitted model, aligns well with the dense range of KE-I data as expected. However, its KE
plateau value is frequently lower, leading to an underestimation of kinetic energy for high-

intensity raindrops.

15



283

284  Figure 3. Occurrences of KE-I with fitting curves generated from the four models on 13

285  disdrometer stations.

286  Table 3. Coefficients of different KE—I models on 13 disdrometer stations.

ID F1 F2 F3 F4

Emax a b Emax a b Cmax a b Emax a b

1 29 072 0.082 29 082 0.101 21.11 078 0.197 1531 0.74 0.437

2 29 072 0.082 29 082 0.094 1842 0.75 0246 1624 0.73 0.333

3 29 072 0.082 29 081 0.108 2195 077 0.199 1495 0.71 0.531

4 29 072 0082 29 081 0.094 212 076 0.185 13.84 0.69 0.575

5 29 072 0.082 29 080 0.112 2154 075 022 1557 0.71 0.534

6 29 072 0082 29 082 0.066 19.65 076 0.146 1323 0.69 0.398

7 29 072 0.082 29 080 0.079 2011 0.73 0.183 1434 0.68 0.48

8 29 072 0082 29 082 0.088 225 077 0.142 13.01 0.67 0.564

16
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0.82

0.066

0.046

0.095

0.103

0.09

20.55

23.29

26.42

27.46

22.29

0.76

0.75

0.82

0.81

0.78

0.134

0.069

0.113

0.114

0.152

13.97

14.34

16.77

15.8

13.61

0.70

0.63

0.75

0.72

0.71

0.368

0.211

0.296

0.394

0.54

Table 4 shows the CC values obtained by comparing the F1 to F4 models with the

measured data from the disdrometer networks at each station. The results indicate that F4

exhibits the best CC performance, which represents the fully fitted curve, followed closely by

F3. The fixed coefficient model F1 and fixed-emax model F2 shows the similar worst correlation

effect. These results suggest that the fully fitted model (F4) can capture the dense distribution

of KE-I values even though some KE values at high rainfall intensity may be underestimated.

The partial fitting models (F3), which take into account the local maximum KE value at high

rainfall intensity, also provide a good representation of the KE—I relationship at individual sites.

In contrast, relationship models with fixed parameters are retained, including fully fixed (F1)

and partially fixed (F2) are not appropriate for all sites in the UK, especially generate higher

KE with high rainfall intensity.

Table 4. CC of different KE-I models on 13 disdrometer stations.

Station ID F1 F2 F3 F4
1 0.59 0.59 0.62 0.63
2 0.56 0.56 0.59 0.59
3 0.56 0.57 0.59 0.61
4 0.54 0.54 0.57 0.59
5 0.55 0.56 0.59 0.60
6 0.50 0.49 0.52 0.53
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7 0.53 0.53 0.56 0.57
8 0.54 0.54 0.56 0.58
9 0.54 0.54 0.56 0.57
10 0.39 0.38 0.39 0.40
11 0.49 0.49 0.49 0.50
12 0.48 0.49 0.49 0.51
13 0.55 0.56 0.57 0.60

4.2 Rainfall energy estimation based on the conventional fixed KE-I relationship.

To align with the 1-hour resolution of ERA5-land, the 30-minute rainfall intervals within
the IMERG dataset were aggregated into corresponding 1-hour intervals. In conventional
methods for estimating rainfall energy, F1 is commonly used as a fixed KE-I empirical
equation. Figure 4 illustrates the gridded annual cumulative rain in the UK in 2018, based on
IMERG and ERAS5-land datasets at a spatial resolution of 0.1°. In Figures 4(a) and 4(b), the
spatial distribution of rainfall in both large-scale precipitation datasets exhibit similar patterns.
Under the influence of prevailing westerly winds, high annual rainfall values are concentrated
in the mountainous regions of northwestern UK, gradually decreasing from west to east.
Overall, IMERG shows higher annual rain compared to ERAS5-land, although the highest

regional annual rain is a little higher in ERAS5-land (2486.2 mm) than in IMERG (2336.9 mm).

(a) IMERG (b) ERA5-land
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Figure 4. Spatial distribution of annual cumulative rain (mm) in 2018 across the whole UK.

Based on rainfall grid data, Figure 5 illustrates the spatial distribution of annual cumulative
rainfall energy in the UK in 2018 calculated using the widely used KE-I model F1. When
comparing these results with the spatial distribution of rainfall depicted using the same data
source shown in Figure 4, we observe a general similarity in the corresponding regions. This
implies that regions with higher precipitation values tend to exhibit higher rainfall energy
values. However, while the spatial distribution of cumulative rainfall energy obtained from
IMERG and ERAS5-land exhibits similarities, there are significant differences in their
magnitudes. The annual energy values calculated from IMERG are nearly twice as large as

those obtained from ERA5-land.

(b) ERA5-land
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Figure 5. Spatial distribution of annual cumulative rainfall energy in 2018 across the whole

UK.

To investigate the reasons for the notable differences using the two data sources in rainfall
energy, we compared the number of erosive rainfall events and the maximum rainfall intensity
at the grid level. Figure 6 and 7 presents the number and maximum intensity maps of erosive
rainfall events in the UK throughout the year 2018, as calculated by IMERG and ERAS5-land.
The rainfall time series was divided into rainfall events by separating them into consecutive 6-

hour dry periods (Dai et al., 2020). Subsequently, erosive rainfall events were classified based
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on the criteria proposed by Wischmeier and Smith (1958), which consider continuous rainfall
events with a total precipitation exceeding 12.7 mm as erosive. In addition, the maximum 30-
minute rainfall intensity (/39) of erosive rainfall events is an important factor in calculating
rainfall erosivity. In rainfall products with hourly intervals, I3 is often approximated by
multiplying the maximum rainfall intensity by a conversion constant (Yin et al., 2007).

Therefore, in this study, the hourly maximum rainfall intensity (/) is used to represent the

characteristics of /3.
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Figure 6. Number of erosive rainfall events in 2018, estimated by IMERG and ERAS5-land.
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Figure 7. Mean /,, of erosive rainfall events in 2018, estimated by IMERG and ERAS5-land.

From Figure 6, it can be observed that, in nearly all grids, IMERG identifies slightly more
erosive events compared to ERAS5-land. This observation is related to the differences in total

annual rainfall between the two datasets shown in Figure 4(a) and 4(b). Similarly, the number
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of erosive rainfall events decreases from west to east. In 2018, IMERG identifies fewer erosive
events than ERAS-land in only 135 grid cells (~4% of the total study area), and in 70% of the
grid cells, the number of IMERG-identified erosive events exceed 30% of corresponding
ERAS5-land events. Furthermore, IMERG identifies over 50% of the erosion events in 49% of

the grid cells in comparison with ERAS5-land.

Figures 7 represent the average I,, values of the erosive rainfall events in 2018. It can be
observed that IMERG generally exhibits higher 7, values, with values consistently above 5
mm-h!. Approximately 7.68% of the grid cells have an average I,, exceeding 10 mm-h!, and
the trend shows a decreasing pattern from north to south. In contrast, ERA5-land results (Figure
5d) show higher average /., values in the southern coastal areas of the UK, while inland regions
of England and northern Scotland have extremely low 7, values. Nearly no grid cells in the
entire UK exceed 3.5 mm-h™! in the ERA5-land estimates. It is worth noting that the IMERG
product represents the snapshot of rainfall intensity observed by microwave sensors, whereas
ERAS5-land data represents hourly accumulated rainfall obtained from reanalysis. Therefore,
the different methods of rainfall acquisition may significantly affect the calculation of 7,, and

subsequently impact the estimation of rainfall erosivity.

4.3 Rainfall energy estimation based on the three microphysics-fitting KE-I

relationship.

Figure 8 illustrates the estimates of rainfall energy in the UK using the fitted models (F2-
F4), which more or less consider local variations in rainfall microphysical characteristics. Each
grid cell utilizes the KE-I formula from the nearest station during the rainfall energy calculation
process (details are provided in Table 3). Specifically, Figures 8(a)-(c) depict the estimates
obtained by combining IMERG with the F2-F4 formulas, while Figures 8(d)-(f) show the

estimates obtained by combining ERAS5-land data with the same three formulas. It is evident
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that when the two kinds of large-scale rainfall product are combined with the F2-F4 formulas,
the overall estimates of rainfall energy are lower compared to the results obtained using the F1
formula in Figure 5. This is particularly noticeable in the notable reduction of rainfall energy
values in western regions of England and Wales, as well as the expanded range of low energy

values in eastern England.
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Figure 8. Spatial distribution of E using the three microphysics-fitting KE-I relationship.

For the calculations using IMERG (Figures 8a-c), the E values obtained from the fully
fitted KE-I formula (F4) are consistently the lowest. In the case of the Northern Ireland region,
the E area with values in the range of 110-135 MJ-ha! is the largest, while only a few grids
exceed 135 MJ-ha'! of E. In particular, in Figure 8(c), there are almost no areas in Wales that
exceed 160 MJ-ha'! of E, whereas sporadic grid cells surpass this threshold in Figures 8(a) and
8(b). However, for the IMERG-based E estimates using F1, the majority of areas in Wales have

E values greater than 160 MJ-ha'!, indicating a substantial impact of the use of different KE-I
22
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formulas on the calculation of rainfall energy. On the other hand, for the ERAS5-land results
(Figures 8d-f), the differences in E values obtained using the three fitting formulas (F2-F4) are

relatively small.

4.4 Evaluation of KE—I relationships and accumulated rainfall energy evaluation

using disdrometer data

Table 5 presents the CC between the KE values calculated using different empirical
relationships from IMERG and ERAS-land datasets, and the mean KE values derived from
disdrometer data at the corresponding rainfall intensities for each site. In Table 5, almost all
CC values exceed 0.90, and the results exhibit a similar pattern to Table 4, where the overall
correlation is higher for ERAS-land compared to IMERG results. It is worth noting that the
higher CC values in Fig. 5 are mainly due to the averaging of the disdrometer results for each
rainfall intensity. Additionally, both IMERG and ERAS5-land estimations show the highest CC
values when using the fully fitted formula F4. For IMERG, the majority of CC values for F4
exceed 0.95, while for ERA5-land, most CC values for F4 even surpass 0.98, significantly
outperforming the corresponding CC values for F1, which are around 0.90 and 0.95,
respectively. The strong correlation with the mean KE values from the disdrometer indicates
the rationality and feasibility of utilizing the KE—I relationship for rainfall energy estimation

using both large-scale remote sensing precipitation products and reanalysis datasets.

Table 5. CC of different KE—I models between estimated KE and disdrometer-derived mean

KE in the same rain value in each station.

IMERG ERAS5-land
Station ID F1 F2 F3 F4 F1 F2 F3 F4
1 0.92 0.93 0.96 0.98 0.97 0.97 0.98 0.99
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2 0.92 0.93 0.95 0.96 0.95 0.95 0.97 0.97

3 0.92 0.93 0.96 0.98 0.96 0.97 0.97 0.99
4 0.90 0.91 0.94 0.98 0.95 0.95 0.96 0.99
5 0.91 0.92 0.95 0.98 0.96 0.96 0.97 0.99
6 0.93 0.93 0.95 0.98 0.95 0.95 0.96 0.98
7 0.91 0.91 0.95 0.98 0.95 0.95 0.96 0.98
8 0.91 0.92 0.93 0.96 0.95 0.95 0.96 0.99
9 0.94 0.94 0.96 0.99 0.96 0.96 0.96 0.98
10 0.92 0.91 0.92 0.95 0.91 0.90 0.91 0.92
11 0.94 0.94 0.95 0.97 0.97 0.97 0.97 0.98
12 0.89 0.90 0.90 0.92 0.93 0.93 0.93 0.95
13 0.90 0.91 0.93 0.97 0.96 0.96 0.97 0.99

Table 6 presents the averaged indicators (excluding outliers, defined as data points falling
below the lower quartile minus 1.5 times the interquartile range or above the upper quartile
plus 1.5 times the interquartile range) for the evaluation of daily E results calculated from
IMERG and ERAS5-land at 13 stations. It can be observed that for daily E computed from
IMERG, the results obtained using the F4 relationship perform the best. They exhibit the
highest correlation (0.63) with daily E derived from the disdrometer data. Additionally, the
deviation from the IMERG-derived E is the smallest (98.22 MJ-ha!) for the F4 relationship.
At the same time, the ERAS5-land daily E values calculated using the four KE—I relationships
show a higher correlation with the disdrometer results, with mean values around 0.66 for all
stations. Interestingly, for ERA5-land, the F1 formula yields the best MBE and BIAS, with
BIAS even approaching zero (-1.11%). This is because the F1 evaluation of ERAS5-land’s daily
E shows notable variation between stations, resulting in a median MBE and BIAS close to zero,

as the high positive and negative values tend to offset each other. In summary, for daily E, CC
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values of ERAS-land are higher than those of IMERG, and the F4 model consistently

demonstrates the best overall performance across different data sources

Table 6. Station-averaged indicators for evaluating daily E.

IMERG ERAS5-land

Indicator F1 F2 F3 F4 F1 F2 F3 F4

CC 0.607 0.605 0.590 0.630 0.664 0.660 0.660 0.662

MAE 51.97 4725 4789 4384 33.98 33.06 33.10 3299

MBE -17.69 -8.04 -8.18 -4.80 3.68 1456 1494 13.78

RMSE 10959 9837 102.74 86.28 54.67 5642 56.60 56.12

BIAS 48.85 28.77 29.02 21.37 1.11  -22.58 -23.46 -20.73

STD 126.78 111.84 115.87 98.22 5221 4291 4154 4475

Similarly, an evaluation of the monthly E calculated by IMERG and ERAS5-land was also
conducted (for months with complete disdrometer records), shown in Table 7. The results
revealed that at the monthly scale, the CC values for the four formula options were very similar,
with minimal differences among them, especially for the results of ERA5-land. However, when
considering the error metrics, the F4 relationship consistently outperformed the other options.
These findings imply that, regardless of the dataset (IMERG or ERAS5-land) used for monthly
E calculations, the selection of the formula does not significantly affect the correlation between
the calculated values and the disdrometer data at the monthly scale. However, the F4 formula
consistently offers the advantage of minimizing errors, thereby providing a more accurate
estimation of monthly E. This highlights the importance of considering the appropriate formula
when assessing erosive rainfall at longer time scales, as the F4 formula can provide reliable

and robust results.

Table 7. Station-averaged indicators for evaluating monthly E.
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IMERG ERAS5-land

Indicator F1 F2 F3 F4 F1 F2 F3 F4
CC 0.655 0.651 0.640 0.673 0.685 0.687 0.686 0.688
MAE 568.73  467.83 47323 42743 332.06 32791 32922 326.59
MBE -456.44  -280.96  -282.92  -227.36 -97.89 10446 10937  93.06
RMSE 703.05  594.86 60530  543.92 38737 37236 374.14 370.69
BIAS 84.28 59.09 59.35 50.32 26.90 -3.79 -4.59 -1.88
STD 521.12  452.04  462.50  410.85 33539 264.68 258.72 273.52

5 Discussions

This study utilizes large-scale radar remote sensing and reanalysis rainfall datasets to
investigate the impact of fixed and fitted KE-I relationships on rainfall energy calculation. The
KE-I formula is a commonly used method for estimating rainfall energy, but the conventional
fixed coefficient values neglect the spatial variations in rainfall microphysical characteristics.
Therefore, this study compared the performance of four kinds of KE-I relationships to estimate
site-specific rainfall energy and investigate the differences in the results across the UK. The
results reveal that in most cases, rainfall energy calculated using the conventional fixed KE-I
relationship tend to be notably higher than those calculated using the KE-I relationships that
considers rainfall microphysical characteristics. However, there are several key issues with the

estimation of rainfall erosivity using large-scale precipitation products:

Firstly, differences in rainfall acquisition methods between satellite observations and
reanalysis datasets lead to significant discrepancies in calculated rainfall erosivity, despite
similar total rainfall amounts. IMERG provides instantaneous rainfall intensity observed by
microwave sensors, while ERAS5-land offers accumulated rainfall obtained from reanalysis. It
is important to note that in IMERG, it is usually assumed that the observed rainfall rate applies

for the entire half-hour period. In addition, to align with the 1-hour resolution of ERA5-land,
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the 30-minute rainfall intervals in IMERG were aggregated into 1-hour intervals. However,
despite this adjustment, IMERG precipitation still exhibits extreme values, resulting in a high
positive bias. This suggests an overall overestimation of rainfall energy in IMERG, leading to
higher 7, values for erosive rainfall events. On the other hand, erosive rainfall events tend to
have higher 7, values in IMERG due to the presence of more high-intensity values. On the
other hand, ERAS5-land rainfall data generates lower 7, values due to fewer high-intensity

values. This discrepancy leads to an underestimation of erosivity.

Secondly, ground validation of rainfall poses a challenge for large-scale rainfall products.
Grid-based data (in this study, 0.1° resolution) deviates from point-based observations. While
large-scale rainfall products perform well at daily/monthly scales, discrepancies become
apparent at finer hourly scales. Xu et al. (2019) found that the R-squared value between IMERG
(V04 and VO05) and ground observation station rainfall intensity was only around 0.1 at the
hourly scale, while it improved to 0.44 and 0.50 at the daily scale for V04 and V05, respectively.
Moazami and Najafi (2021) discovered that in both the western and eastern coastal regions of
Canada, IMERG V06 tends to overestimate precipitation intensity by approximately 25%. The
differences between satellite-based data and ground-based observations are even more
pronounced for more intense rainfall events. Qin et al. (2021) compared hourly precipitation
from ERAS and ground gauges in eastern China and found that ERAS reproduces the spatial
patterns of precipitation climatology. However, it tends to overestimate the frequency of
rainfall events while underestimating their intensity. Additionally, the disdrometer itself
introduces measurement errors, data gaps, and other computational errors during the E
estimation process, making it difficult to obtain long-term and accurate rainfall energy
sequences. For instance, Fehlmann et al. (2020) conducted a study in Switzerland and
discovered that the LPM system consistently underestimated rainfall intensities by 16.5%.
Similarly, Guyot et al. (2019) observed that the LPM underestimated liquid precipitation and
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the number of raindrops from 0.75 millimeters to larger diameters compared to OTT Parsivel'.
Furthermore, the uptime of DiVeN is not complete all the time (Pickering et al., 2019), which

may result in lower calculated rainfall energy.

Finally, for subsequent estimates of rainfall erosivity estimation, the universal threshold of
12.7 mm for erosive rainfall events, proposed in the USLE (Universal Soil Loss Equation)
(Wischmeier and Smith, 1978), may not be applicable to all large-scale rainfall products due
to variations in rainfall characteristics. This threshold is derived from erosion observations in
US agricultural fields. Due to the different characteristics of large-scale rainfall products, it is
not necessarily suitable to use this threshold to define erosive rainfall events for each product.
Therefore, determining the erosive rainfall threshold specific to each rainfall product and even
the threshold for erosive rainfall energy requires further exploration in future research. These
challenges highlight the need for careful consideration and evaluation when using large-scale

rainfall products for rainfall erosivity calculations.
6 Conclusions

In conclusion, this study focused on the investigation of rainfall energy estimation and its
spatial distribution using different models of KE-I relationship. Two main issues were
addressed: 1) the suitability of KE—I relationships derived from disdrometer data for gridded
precipitation datasets, considering the regional variability in rainfall characteristics captured
by the disdrometer; and 2) the uncertainty introduced by using fixed KE-I relationships for
calculating large-scale grid-based rainfall energy, as these relationships neglect the spatial
variability of KE-I relationships and overlook the spatial variation of rainfall characteristics.
By addressing these issues, the study aimed to provide insights into improving the accuracy of
rainfall energy estimation at larger scales. Several key findings have emerged from this

investigation:

28



497

498

499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

1.

Conventional methods for estimating rainfall erosivity using fixed KE-I relationships
do not account for regional differences in rainfall microphysical characteristics. In the
context of the UK, this approach tends to overestimate KE values for high rainfall

intensities.

Fitting coefficients to the KE—I relationship improve the correlation of the estimations.
Among the fitted formulas, F4, which is a total fitting relationship of KE-I, exhibits the

highest CC, followed by F3 with a local emax value.

IMERG and ERAS5-land yield comparable annual rainfall totals across the entire UK,
with similar spatial distribution patterns. However, there are significant differences in
the results for rainfall energy, with annual rainfall energy values calculated from
IMERG being almost twice as high as those calculated from ERAS5-land. In addition,
IMERG found more than 50% more erosive events than ERAS5-land in almost half of

the grid cells.

The high values of annual rainfall energy in the UK are concentrated in the mountainous
regions of the northwest, gradually decreasing from west to east. Of the estimated
rainfall energy values, those estimated using the conventional fixed KE—I relationship
(F1) tend to have the highest values, while those using the full-fitting relationship (F4)

have the smallest energy values.

ERAS5-land demonstrates stronger correlation and lower error in estimating rainfall
energy compared to IMERG. However, it tends to underestimate rainfall intensity

overall.

These findings underscore the importance of considering regional rainfall microphysical

characteristics and employing fitted KE-I relationships for more accurate estimations of

rainfall erosivity. Additionally, they highlight the significant differences in rainfall energy
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results obtained from different datasets, emphasizing the need for careful interpretation and
selection of appropriate rainfall datasets when assessing erosion potential. Further research
should focus on refining KE-I relationships, determining regional representation of
disdrometer-derived formulas and exploring the impact of various rainfall acquisition methods
on erosivity estimations to enhance erosion risk assessments and inform erosion control

strategies.
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