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Abstract

Rainfall erosivity is an important parameter in many erosion models, and the

EI30 defined by the Universal Soil Loss Equation is one of the best known

erosivity indices. One issue with this and other erosivity indices is that they

require continuous breakpoint, or high frequency time interval, precipitation

data. These data are rare, in comparison to more common medium-frequency

data, such as daily precipitation data commonly recorded by many national and

regional weather services. Devising methods for computing estimates of rainfall

erosivity from daily precipitation data that are comparable to those obtained

by using high-frequency data is, therefore, highly desired. Here we present a

method for producing such estimates, based on optimal regression tools such as

the Gamma Generalised Linear Model and universal kriging. Unlike other meth-

ods, this approach produces unbiased and very close to observed EI30 , especially

when these are aggregated at the annual level. We illustrate the method with

a case study comprising more than 1500 high-frequency precipitation records

across Spain. Although the original records have a short span (the mean length

is around 10 years), computation of spatially-distributed upscaling parameters

offers the possibility to compute high-resolution climatologies of the EI30 index

based on currently available, long-span, daily precipitation databases.
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1. Introduction

Soil erosion by water is recognised as one of the major problems affecting

agricultural productivity and food security, as well as impacting ecosystem ser-

vices such as water quality and regulation, net primary production, biodiversity,

and others. Most models for estimating soil erosion rates by water often include5

one term accounting for the ability of rainfall to cause erosion, i.e. a rainfall

erosivity factor. The best known rainfall erosivity index is the R-factor used

in the Universal Soil Loss Equation, USLE (Wischmeier, 1959; Wischmeier and

Smith, 1978), and its two revised versions, RUSLE (Renard et al., 1997) and

RUSLE2 (USDA-ARS, 2013). At many sites worldwide the R-factor has been10

shown to be highly correlated with soil loss (Van der Knijff et al., 2000; Diodato,

2004; Shi et al., 2004; Hoyos et al., 2005; Cruse et al., 2006; Onori et al., 2006;

Romero et al., 2007), and it is without doubt the most commonly used rainfall

erosivity index. A recent review on the R-factor can be found on Nearing et al.

(2017).15

The development of regional or even larger scale maps or rainfall erosivity

(sometimes referred to as iso-erodent maps) is crucial for quantifying soil loss

by water erosion and for understanding its spatial patterns. Recent efforts

include the rainfall erosivity map of Europe at the annual and monthly time

scales (Panagos et al., 2015a; Ballabio et al., 2017), or the global erosivity map20

(Panagos et al., 2017b), all based on the R-factor. A larger number of studies

have been published that produced erosivity maps at the country or more local

scales, as summarised in the review by Yin et al. (2017). The development

of long time series is also desirable for understanding the temporal patterns of

rainfall erosivity, allowing to characterise its inter-annual variation and return25

period curves, assess the existence of temporal trends, the role of atmospheric

teleconnections, or even the effects of climate change (Angulo-Mart́ınez and

Begueŕıa, 2012; Fiener et al., 2013; Hanel et al., 2016; Hoomehr et al., 2016;
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Qin et al., 2016; Lai et al., 2016; Panagos et al., 2017a; Wang et al., 2017; Chen

and Zha, 2017).30

Reliable estimation of rainfall erosivity requires continuous recording rain

gauge (hyetograph) data or, alternatively, high-frequency (sub-hourly) time in-

terval precipitation records. There are fewer rain gauges recording at these

high-frequency intervals, and the length of their record is usually shorter, than

more accesible daily precipitation records. This poses a problem of spatial but35

also temporal representativity, since long time series are required in order to

compute reliable average seasonal or annual values. As revealed by a selection

of recent regional studies, usually the number of rain gauges used is low with

respect to the study area covered, and the temporal length of the records is, in

most cases, short (Table 1). It has been noted, however, that R-factor values40

vary largely from one year to the next, even much more than precipitation, so

long data series are required for calculating mean erosivity values within an

acceptable level of certainty. It is widely accepted that 30-year periods are the

norm in most climatological studies, and Wischmeier and Smith (1978) proposed

using 22 years of data for obtaining a representative estimate of the USLE R-45

factor. Foster et al. (2003) recommended at least 15 years of data for the same

purpose.

Coarser precipitation records, such as daily or monthly data, are on the other

hand much more frequent and cover longer time spans. A method for computing

rainfall erosivity from coarse precipitation records is, therefore, highly desirable.50

The general idea is to fit an empirical relation between erosivity values computed

from high-frequency and coarser resolution precipitation data, using typically

a limited dataset of a few high-frequency rain gauges. Once such relationship

is established, it can be used for estimating rainfall erosivity based on a much

larger set of (coarse resolution) rain gauges. Developing this basic idea, there55

are approximations based on annual or monthly rainfall, despite the inaccu-

racies involved in using low-frequency precipitation data (Banasik and Górski,

1994; Renard and Freimund, 1994; Ferro et al., 1999; Apaydin et al., 2006;

Hernando and Romana, 2015); while other studies proposed estimating rainfall
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Table 1: Some regional studies on rainfall erosivity and characteristics of theirs datasets:

location, number of raingauges (N), temporal length of the series (Years; range and mean

value, if available), and sampling frequency (δT ).

Reference Location N Years δT

Panagos et al. (2017b) World 3625 5-30 3-60 min

Panagos et al. (2015a) Europe 1541 7-40 (17) 5-60 min

Hanel et al. (2016) Czech Republic 17 51 30 min

Xie et al. (2016) East China 16 30-40 1 min

Yin et al. (2015) East China 18 30-40 1 min

Lee and Lin (2015) South Taiwan 55 10 10 min

Fiener et al. (2013) West Germany 10 70 1-5 min

Klik et al. (2015) New Zealand 35 4-16 (11) 10 min

Borrelli et al. (2016) Italy 386 5-10 (8.8) 30 min

Lobo and Bonilla (2015) Central Chile 30 3-28 60 min

Bonilla and Vidal (2011) Chile 16 17-22 30 min

Ma et al. (2014) Yunan, China 7 5 10 min

Sanchez-Moreno et al. (2014) Cape Verde 2 2, 7 3 min, 15 min

Panagos et al. (2016a) Greece 80 (29.7) 30 min

Risal et al. (2016) South Korea 76 15-19 (18) 10 min

4



erosivity from daily precipitation data (Richardson et al., 1983; Bagarello and60

D’Asaro, 1994; Yu and Rosewell, 1996; Yu et al., 2001; Petkovšek and Mikoš,

2004; Angulo-Mart́ınez et al., 2009; Yang and Yu, 2015). However, as we shall

discuss later, these approaches are often sub-optimal since they tended to pro-

duce biased results that often result in underestimation of rainfall erosivity.

The main objective of this study is to develop a method for estimating daily65

rainfall erosivity, EI30 day, from records of daily precipitation, Pday, with the

purpose of computing long-term mean annual and monthly erosivity values.

Alternative modelling approaches are discussed, and optimal regression tools

for the problem under study, such as the Gamma Generalised Linear Model

and universal co-kriging, are presented. A large database of high-frequency70

precipitation records covering continental Spain is used to illustrate the method.

The use of a better statistical approach is the main difference with respect to

our previous work (Angulo-Mart́ınez and Begueŕıa, 2009), but also the analysis

of a much larger dataset encompassing a greater climatic variability offers a

much more robust validation of the methodology.75

The article is structured as follows: section 2 describes the dataset; section

3 explains the computation of event erosivity values, EI30 , and discusses tech-

nical issues related to using datasets with different time resolutions; section 4

describes the computation of daily erosivity, EI30 day, and shows that event-

based and daily-based erosivity yield comparable results; section 5 develops the80

statistical model of the relationship between EI30 day and daily precipitation,

Pday, and discusses different model configurations; section 6 discusses the sea-

sonal variation of the relationship between EI30 day and Pday, while section 7

does the same but for the spatial variation; section 8 presents a summary of the

process and explains how to use the results of the previous analyses for com-85

puting monthly and annual EI30 aggregates based on daily precipitation data;

section 9 discusses the practical consequences of some assumptions required in

the previous steps; and section 10 concludes.
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Table 2: Characteristics of the dataset: name of the data provider, dataset code, number of

stations (N), start and end of the data series (span), temporal length of the series (years),

sampling frequency (δT ) and precision (δP ).

Data provider Set N Span Years δT δP

Confederación Hidrográfica del Cantábrico CAN 36 2008–2016 9 5 min 0.1 mm

Servei Meteorològic de Cataluña CAT 188 2005–2016 12 10 min 0.2 mm

Confederación Hidrográfica del Duero DUE 168 2011–2016 6 5/15 min 0.1 mm

Confederación Hidrográfica del Ebro EBR 224 1997–2016 20 15 min 0.1 mm

Meteo Galicia GAL 80 2000–2014 15 10 min 0.1 mm

Confederación Hidrográfica del Guadalquivir GUA 56 2008–2013 6 15 min 0.1 mm

Confederación Hidrográfica del Sur HID 105 1999–2013 15 5 min 0.1 mm

Confederación Hidrográfica del Júcar JUC 182 2000–2016 17 5 min 0.2 mm

Confederación Hidrográfica del Miño-Sil MIN 89 2007–2016 10 5 min 0.1 mm

Gobierno de Navarra NAV 54 1991–2013 23 10/30 min 0.1 mm

Confederación Hidrográfica del Segura SEG 66 1996–2013 18 15 min 0.2 mm

Confederación Hidrográfica del Tajo TAJ 187 2002–2014 13 15 min 0.2 mm

2. Description of the dataset

We collected a dataset comprising 1587 high-frequency precipitation records90

from 12 different data providers, including regional weather services and water

basin authorities. The data varied in terms of their temporal length, sampling

frequency δT and precision δP (Table 2).

The mean temporal span of the dataset was around 10 years, although some

sets where shorter (CAN, DUE, GUA, MIN) while others had more than 15 years95

of data (EBR, GAL, HID, JUC, NAV, SEG, TAJ). The sampling frequency of

the data δT varied between 5 and 30 minutes, with most records having a

frequency of 15 minutes. The sets also varied in their precision δP , ranging

between 0.1 and 0.2 mm.

The dataset had an uneven spatial distribution, with some areas more densely100

represented than others (Figure 1). Most notably, no data could be collected

for the Guadiana River basin.
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Figure 1: Spatial distribution of the rain gauges used on this study, with indication of the

data provider (set) and the number of stations (N). (Coordinate system ETRS89/UTM30N,

EPSG:25830)
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3. Computation of event erosivity, EI30

The USLE R-factor is the long-term mean annual sum of individual storm

erosivities. The erosivity of a given rainfall event, EI30 (MJ mm ha−1 h−1) is105

calculated as the product of the storm total kinetic energy E (MJ ha−1) and

the maximum rain intensity recorded within 30 consecutive minutes, I30 (mm

h−1):

EI30 = E · I30 . (1)

I30 can be obtained directly from the precipitation record, while the storm

energy E is:110

E =

∫ D

0

e v dt, (2)

where e is the unit rainfall energy (MJ ha−1 mm−1), v is the rainfall volume

(mm), D is the storm duration and t is time.

Empirical equations have been proposed for estimating the rainfall energy e,

as reviewed by Angulo-Mart́ınez et al. (2016). Most of these equations, including

the original formulation by Wischmeier (1959), were based on data from specific115

locations or regions and hence have a local or regional validity, while others

have been proposed for global use (Van Dijk et al., 2002). Here we will follow

the relation developed for the USA by Brown and Foster (1987), which is also

recommended in the RUSLE manual due to its superior functional form (Renard

et al., 1997), and has been used in a large number of studies worldwide:120

e = 0.29 [1− 0.72 exp(−0.05i)] (3)

with i, the rainfall intensity, having units of mm h−1.

Time resolution of the data

Originally, EI30 was calculated for individual storms based on breakpoint

precipitation data from continuous recording rain gauge (i.e. hyetograph) charts,

which are segmented into periods of constant rainfall intensity. However, this125
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process can not be performed without intensive human intervention and is very

time consuming, and recording-raingage records are also very often not avail-

able or are hard to obtain. When precipitation data are available in the form

of rainfall amounts recorded at fixed time intervals δT , equations 1 and 2 can

be expressed in a discrete form:130

EI30 (δT ) = E (δT ) · I30 (δT ) =

 n∑
j=1

ej vj

 I30 (δT ), (4)

where ej and vj denote the unit rainfall energy and rainfall volume recorded at

each discrete time interval during the storm. ej is computed from equation (3),

after replacing i by ij , i.e. the rainfall intensity recorded during time interval

j. The term in parenthesis, δT , indicates that the values of EI30 , E and I30

are derived from time interval instead of breakpoint precipitation data. As135

compared with using breakpoint precipitation data, this implementation is also

best suited to automated treatment by a computer.

Denoting in a non-ambiguous way the type of data (breakpoint or time

interval data) that has been used and the sampling frequency δT of the data

is a good practice, since it has a non negligible effect in the computed rainfall140

erosivity. It has been shown that rainfall intensity i, and hence e, E and I30

tend to decrease as δT increases. Practical consequences of this decision are

discussed later in the article. In our case, all datasets were aggregated to the

same δT = 30 minutes basis, which was the largest common multiple in the

dataset. Since it is clear that we only used interval data, the term (δT ) is145

omitted in the remainder of the article for the sake of simplicity.

Definition of erosive events

Very clear rules were set in the original USLE formulation (Wischmeier and

Smith, 1978) for delimiting the start and end of an erosive rainfall event. A

period of six hours or more with less than 1.27 mm (0.05 in) of rain was used150

to separate between two consecutive storms. Not all the events were used in

computing EI30, since rainfall events with a total rain depth of 12.7 (0.5 in) or
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less were discarded, unless at least 6.35 mm (0.25 in) fell in 15 minutes. These

thresholds were set for convenience, since originally the calculations were done

using breakpoint data and were very time consuming. It was determined that155

these events were very small and had a negligible effect on the annual EI30 ,

so they could be safely ignored (Renard et al., 1997). However, there are no

physical or mathematical reasons for neglecting any event, and with current

automated processes the calculation time has greatly reduced. Thus, in many

studies other (lower) thresholds have been proposed. Verstraeten et al. (2006),160

following (Laurant and Bollinne, 1976), used a threshold as low as 1.27 mm

for Belgium, and Renard et al. (1997) used all the events for producing their

erosivity map of the western US states.

It should be noted, however, that using a different threshold (or no threshold

at all) can possibly lead to significant bias in the computation of EI30, which165

would make the obtained values not compatible with those obtained using the

original USLE formulation. In particular, the soil erodibility factor in the USLE

should be re-calibrated, since this factor does not have a physical basis and was

calibrated empirically once the other factors were fixed Nearing et al. (2017).

Therefore, any deviations in the computation of EI30 with respect to the orig-170

inal method used in calibrating the USLE should be checked for unbiasedness.

For this reason, we assessed the bias in the calculation of EI30 according to

equations 4 and 3 and using all the events irrespective of their size, with respect

to the original USLE approach. When no threshold was used and all the events

were considered, we obtained an over-estimation of EI30 of 3.67% on average175

(median value), with values higher than 10% in 131 stations (Figure 2). As

shown by these results, there is a significant bias if all the events are used for

computing EI30, so we followed the original USLE definition of erosive events.

4. Computation of daily erosivity, EI30day

Since the objective of this study was to develop a method for estimating180

rainfall erosivity based on daily rainfall amounts, we had to devise an approach
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Figure 2: Kernel density over the whole station dataset of the percent bias in daily EI30

calculated with no rejection of events, with respect to the original USLE definition of erosive

events.
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that, using a daily time reference, resulted in EI30 values that were unbiased

with respect to those obtained using the original USLE method.

We followed a two-step approach. We started by considering each day with

precipitation (Pday > 0) as an potentially erosive event, and time series of185

daily EI30 (hereinafter referred to as EI30 day) were computed according to the

following procedure:

1. a day was considered as potentially erosive if Pday > 0 mm;

2. then, EI30 i were computed for that day using all high-frequency precipi-

tation records Pi, i = (1, 2, ..., n) of that day, using equations 3 and 4;190

3. EI30 day =
n∑
i=1

EI30 i values were obtained by aggregating over all the

high-frequency records.

Once the daily time series of EI30 day were computed, including even the

smallest daily amounts, an analysis was done in order to determine a threshold

value θ to reject very small daily events. We computed EI30 values in all the195

stations rejecting all the daily events with precipitation amounts lower than (θ

= 1, 2, ... 6) mm, and we calculated the median bias with respect to the original,

event based, USLE formulation.

The result is illustrated in Figure 3. When no threshold was used and all

the daily events were considered, the mean bias was 3.17%, i.e. very similar to200

the mean bias of 3.65% obtained at the event scale when all the events were

included. The bias was positive (i.e., indicating over-estimation) for values of

the threshold up to approximately θ = 4.5 mm day−1, and then it became

negative (i.e., indicating under-estimation). Therefore, a threshold value of θ =

4.5 mm day−1 was established to reject small events.205

Since the daily approach outlined here differs from the original, event-based,

formulation of the index, annual aggregated values were compared between the

two approaches. The median bias was negligible at 0.01%.
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Figure 3: Median percent bias of daily EI30 over the set of stations as a function of the

threshold value used to reject very small events. The dots represent the values estimated from

the data, and the line is a second-order polynomial model fit to the dots.
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5. Modelling the relationship between EI30day and Pday

Early works by Athesian (1974) and Cooley et al. (1980) showed that event210

based EI30 values could be conveniently related to event P by means of a power

law:

EI30 event =
αPevent

β

Devent
γ ,

where D is the event duration and α, β and γ are coefficients. Since in our case

the event duration is constant (one day), the former expression is reduced to:

EI30 day = αPday
β , (5)

In order to estimate α and β, very often this model is transformed to a linear215

model by taking logarithms, leading to the well known log-log linear model:

ln yi = β0 + β1 lnxi + εi, εi ∼ N (0, σ2), (6)

where β0 = lnα is the intercept, and β1 = β is the slope. This is a standard

linear model that can be fit by ordinary least squares (OLS), and this approach

has been used by some authors for estimating rainfall erosivity from daily pre-

cipitation records.220

An important assumption of the standard linear model is that the error

term ε is unbiased (it has zero expectancy), symmetric (since it is normally dis-

tributed), and homoskedastic (it has constant variance), so it is often neglected.

Being an additive error term, it is trivial to derive that the expectancy of yi is:

E (ln yi) = µi = β0 + β1 lnxi

with variance:225

Var (ln yi) = σ2.

However, the interest here is in yi, and not ln yi. When equation (6) is used

to obtain estimates of yi by replacing α and β by OLS estimates of β0 and β1, a
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systematic underestimation occurs, as it has been pointed out by several authors

(Richardson et al., 1983; Elsenbeer et al., 1993; Posch and Rekolainen, 1993).

The reason is that the logarithmic transformation affects also the structure of230

the error term, as it can be seen by back-transforming equation (6):

yi = eβ0 xβ1

i ε′i, (7)

to see that the error term ε′i = eεi is now multiplicative, and thus biased (E (ε′i) >

1) and not symmetric. The variance of yi now becomes:

Var (yi) = µ2
i σ

2,

which is not constant but increases geometrically with µi.

In order to solve the bias in the estimates of yi, Richardson et al. (1983)235

proposed adding a random term νi ∼ N(0, σ2
ν) to the estimates of ln yi obtained

using equation (6). Similarly, other bias-correction methods have been proposed

based on the mean square error of the regression (e.g. Newman, 1993). Tak-

ing a different approach, Angulo-Mart́ınez and Begueŕıa (2009) proposed using

weighted OLS regression to counter-balance the excessive leverage of low obser-240

vations in OLS arising from the incorrect modeling of the error term. However,

the selection of the weighting scheme is not straightforward and there is no

method assuring an optimum choice.

Summarizing, none of these options solved the problem of underestimating

EI30 based on P data in a satisfactory way. Here we propose using the Gener-245

alised Linear Model (GLM) to fit the model in equation (5) with an adequate

treatment of its error term. GLM is a generalisation of OLS regression which

overcomes some of its assumptions, allowing for variables with error distribution

differing from a Normal distribution (McCullagh and Nelder, 1989). A Gamma

GLM appears as a naturally suited model for the relationship between EI30250

and P . Under this model, yi is treated as a Gamma distributed variate, which

is a suitable choice for heteroskedastic positive data, as it is the case of EI30 .

A logarithmic link function was used in the formulation of the Gamma GLM in
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Table 3: Goodness of fit and bias statistics of three alternative models of EI30day over Pday at

the ‘Aralar GN’ station (NAV dataset): log-log OLS (M0), weighted log-log OLS (M1) and

Gamma GLM with a log link (M2). Degrees of freedom (df), Akaike’s Information Criterion

(AIC), determination coefficient (R2), mean absolute error (MAE), mean error (ME), percent

bias (PBIAS) and total relative error (TRE).

Model df AIC R2 MAE ME PBIAS TRE

M0 3 3872.1 0.46 5.14 2.77 54.1% 0.65

M1 3 6327.3 0.45 5.41 1.82 29.9% 0.77

M2 3 −1267.0 0.47 6.10 0.10 1.3% 0.99

order to linearize the relationship between EI30 day and Pday.

To illustrate this, a comparison was made between log-log OLS (M0), log-255

log weighted OLS (M1), and Gamma GLM with a log link (M2). Results are

shown for one of the stations in Table (3) and Figure (4).

Despite the similar R2 (which, anyway, is not an adequate statistic for vari-

ables with non-Normal distributed errors), the Akaike Information Criterion

(AIC) clearly favoured the GLM model as providing the best fit to the data.260

While GLM provided virtually unbiased EI30 day estimates (ME = 0.10 and

PBIAS = 1.3 %), the two models based on OLS had important biases (ME =

2.77 and 1.82, and PBIAS = 54.1 and 29.9 %, respectively). When the sum of

all the daily estimates of EI30 was compared with the observed ones, important

underestimation was found for OLS and weighted OLS (Total Relative Error,265

TRE = 0.65 and 0.77, respectively), while GLM yielded results very close to

the observed ones (TRE = 0.99).

6. Seasonal variation of the relationship between EI30day and Pday

In most climates, precipitation characteristics vary significantly between sea-

sons. It is reasonable to expect that the relationship between EI30 day and Pday270

will also vary. There are different ways to incorporate seasonality into the model

in equation (5), such as allowing the parameter α vary from month to month

while keeping β constant (as seen, e.g., in Richardson et al., 1983; Bagarello and
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D’Asaro, 1994; Petkovšek and Mikoš, 2004), varying β while keeping α constant,

or allowing both parameters to vary (Verstraeten et al., 2006). These leads to275

the following possible configurations:

EI30 day = αPday
β (M2.0)

EI30 day = αt Pday
β (M2.1)

EI30 day = αPday
βt (M2.2)

EI30 day = αt Pday
βt (M2.3)

where suffix t means that the parameter takes different values for each month

of the year.

A graphical illustration of these model configurations is shown on Figure (5)

for one random station. The selection of a time-varying model is not trivial.280

Due to the high covariance between parameters α and β, the full model M2.3

may not be the optimum, since the uncertainty of the estimated model param-

eters can be high, as the large error bars in Figure (5) suggest. However, the

comparison between models M2.1 and M2.2 seems more difficult.

In order to determine which model configuration was most suited to our285

dataset, we conducted a comparison between the four models over the whole

station dataset. Goodness of fit and bias statistics are provided on Table 4.

The AIC statistic clearly favoured the most complex models over the base-

line stationary M2.0, with only marginal differences between them (although

M2.2 attained the overall lowest AIC). The best fit (highest R2 and lowest290

MAE) corresponded to M2.3, which is nothing strange since this model had

the highest number of parameters (as shown by the df), although the other

two non-stationary models came in close. The lowest bias (ME and PBIAS)

corresponded, however, to M2.1, while the two models with the parameter β

varying by month, that is M2.2 and M2.3, had slightly high median bias (of295

-5.4 and -4%). In addition to goodness-of-fit and bias statistics, we also looked

at the significance level of the model parameters, and we found that model

M2.3, in a majority of the stations, resulted in non-significant β parameters in

18



Table 4: Goodness of fit and bias statistics of four alternative models of EI30day over Pday

(median values over the set of stations): Gamma GLM with a log link and stationary param-

eters (M2.0), monthly variation of α (M2.1), monthly variation of β (M2.2), and variation

of both (M2.3). Statistic acronyms as in Table 3.

Model df AIC R2 MAE ME PBIAS TRE

M2.0 3 1772.2 0.49 17.03 -0.74 −3.9% 1.04

M2.1 14 1686.2 0.64 13.37 -0.11 −0.7% 1.01

M2.2 14 1680.9 0.64 13.38 -1.12 −5.4% 1.06

M2.3 25 1689.4 0.70 12.41 -0.89 −4.0% 1.04

most months, and even α had problems for achieving significance in the summer

months.300

In light of these results, we considered that M2.1 was the optimum model

configuration for our dataset. Kernel density plots of goodness of fit and bias

statistics over the set of stations is presented for this model in Figure 6. The

estimated EI30 day values fitted well the observed ones, as shown by the scat-

terplot, and the median coefficient of determination (R2) of 0.641 is satisfactory305

for the daily time resolution. The median MAE was 13.374, revealing a small

deviation from the observed values. The kernel density of the observed and

estimated values revealed a very similar distribution of the values, and the dis-

tribution of the ME is symmetric with respect to zero, indicating the absence of

bias. As a result, the median ratio between the modelled and observed summed310

EI30 was also very close to one and symmetric, indicating no bias also in the

cumulative values.

7. Spatial variation of the relationship between EI30day and Pday

Exploratory maps depicting the spatial distribution of α and β parameters

resulting from applying model M2.1 over the set of stations suggest that their315

distribution is not homogeneous across the study area (Figures 7 and 8). In-

stead, smooth spatial gradients are apparent for both parameters, in addition

to very noticeable monthly differences.
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Figure 5: Different temporal models of α and β at the ‘Aralar GN’ station (NAV dataset):

stationary (M2.0), monthly variation of α parameter (M2.1), monthly variation of β pa-

rameter (M2.2), and monthly variation of both parameters (M2.3). The vertical error bars

represent the standard error of the estimated parameters.
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Figure 6: Goodness of fit and bias plots for EI30 estimated using α and β parameters fitted at

each station by model M2.1. Predicted and observed scatterplot and kernel density (dashed

line: observed; solid line: modeled), and densities of several goodness of fit statistics: Mean

Error, Mean Absolute Error, R2 and ratio of totals. The vertical lines indicates the median

value of each statistic.
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Figure 7: Monthly values of α parameter over the set of stations, estimated by Gamma GLS

regression with a log link and model configuration M2.1.

Figure 8: Monthly values β parameter over the set of stations, estimated by Gamma GLS

regression with a log link and model configuration M2.1.
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In order to obtain continuous fields of both parameters over the study area,

Kriging arises as a convenient approach. Kriging methods provide best linear320

unbiased predictions of the measured values (Cressie, 1993; Goovaerts, 1997).

Kriging, or Gaussian Process Regression, is a method for spatial interpolation

based on linear-weighted averaging of the values measured at given sampling

points. The weights are based on a prior covariance model, which is based on a

function of the distance between point pairs by the so-called semi-variogram.325

Empirical and fitted semi-variograms for α and β parameters are given in

Figures 9 and 10. The spherical model was selected as it presented the best fit

among a set of candidate models that included Gaussian, exponential and Bessel.

Stronger and longer range spatial autocorrelation was found for α during winter

and spring, while it was weaker in summer. The range of the semi-variogram,330

which indicates the spatial extent of the spatial correlation, varied between 100

km (in August) and 200 km (January). All the semi-variograms had a strong

nugget effect, which can be interpreted as a sign of a high random variability at

close locations.

While ordinary and simple Kriging approaches use only the information of335

the variable or variables that need be interpolated, universal Kriging facilitates

incorporation of data on independent variables or predictors (Pebesma, 2006).

Exploratory analysis revealed significant correlations between α and β parame-

ters and several geographic and climatic variables (Table 5). Maps showing the

spatial distribution of the covariables used are provided in Figure 11. Those in-340

cluded 5x5 km gridded elevation (spatially aggregated from SRTM 90m Digital

Elevation Data), distance to the closed sea squared, annual precipitation and

the average fraction of the annual precipitation falling on daily events above

the 95th percentile. The last two variables were obtained from Serrano-Notivoli

et al. (2017). Universal kriging was therefore the method selected for modelling345

the spatial variation of α and β, using the above-mentioned environmental vari-

ables as independent variables.

The resulting fields of α and β parameters are shown in Figures 12 and

13.The temporal variation was higher than the spatial variation for both param-
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Figure 9: Empirical and fitted semivariogram of α monthly parameters (distance units: m).
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Figure 10: Empirical and fitted semivariogram of β parameter (distance units: m).

Table 5: Pearson’s correlations between α and β parameters and environmental variables:

altitude above sea level (alt), distance to the sea squared (dis2), mean annual precipitation

(panual) and fraction of the annual precipitation accumulated on daily events above the 95

percentile (r95).

Parameter alt dis2 panual r95

α (Jan) −0.077*−0.130* 0.019 −0.047

α (Feb) −0.077*−0.104* 0.005 −0.003

α (Mar) −0.090*−0.045* −0.002 0.047*

α (Apr) −0.167*−0.082* −0.122* 0.125*

α (May) −0.105* 0.116* −0.177* 0.107*

α (Jun) 0.050 0.169* −0.239* 0.179*

α (Jul) 0.014 0.251* −0.377* 0.115*

α (Aug) −0.012 0.109* −0.301* 0.156*

α (Sep) −0.065*−0.010 −0.223* 0.152*

α (Oct) −0.233*−0.171* −0.174* 0.223*

α (Nov) −0.244*−0.280* −0.021* 0.149*

α (Dec) −0.137*−0.149* −0.006 0.008

β −0.246*−0.129* −0.199* 0.115*

* p < 0.05.
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Figure 11: Covariables: elevation (alt), distance to the sea squared (dis2), annual precipitation

(panual), and fraction of the annual precipitation on daily events above the 95th percentile

(r95).

eters. The spatial pattern was complex and varied between months, although a350

coherence was apparent between correlative months. The associated marginal

errors also had a stronger temporal variation, being higher in summer (between

15% relative error for α in July, vs 5% in January; and between 5% and 3% for

β).

Ten-fold cross-validation statistics for kriged α and β parameters are shown355

in Table 6. R2 values were quite high, above or near 0.95 for all months, and

the MAE was reasonably low compared to the mean values of the parameters.

The bias was almost zero, as shown by low values of ME and PBIAS.

8. Method summary and validation

A global view of the procedure described in the previous sections is outlined360

on Figure 14. Steps 1 trough 4 represent the analysis part, which includes

aggregating the original high-resolution precipitation series to a common δT of

30 minutes (1); computation of daily rainfall and erosivity events (2); applying
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Figure 12: Kriged monthly values of α.

Figure 13: Kriged values of β.
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Table 6: Cross-validation statistics for parameters α and β over the complete station dataset:

model M2.1 + universal kriging (UK).

Parameter R2 MAE ME PBIAS %

α (Jan) 0.950 0.018 0.000 0.3

α (Feb) 0.960 0.019 0.001 0.8

α (Mar) 0.958 0.018 0.000 −0.3

α (Apr) 0.970 0.022 0.000 −0.1

α (May) 0.960 0.034 0.000 0.3

α (Jun) 0.987 0.030 0.001 0.3

α (Jul) 0.987 0.030 0.000 0.2

α (Aug) 0.980 0.028 0.000 0.2

α (Sep) 0.981 0.028 0.000 0.2

α (Oct) 0.989 0.027 −0.001 −0.3

α (Nov) 0.960 0.021 0.000 −0.2

α (Dec) 0.961 0.018 0.000 0.0

β 0.955 0.079 0.000 0.0

Gamma GLS regression to obtain α and β parameters at each measuring site

(3); and using universal kriging to obtain a continuous surface model of both365

parameters (4). From this last product, it is possible to compute daily time

series and, through time aggregation, monthly and annual EI30 series (5 and

6). This can be done based on site (raingauge) data, or else using a grid of daily

precipitation.

For instance, we computed EI30 day time series at the locations in the dataset370

based on observed Pday and α and β kriged values from cross-validation. As a

means of validation, a comparison was made between observed and estimated

daily EI30 day (Figure 15), as well as for their annual aggregates (Figure 16).

The estimated values showed no signs of bias, and had a density distribution

which resembled quite well the observed one. The median coefficient of determi-375

nation (R2) increased from 0.629 at the daily scale to 0.795 at the annual scale,

supporting the ability of the method for computing aggregated erosivity val-
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α, βPday

EI30day

EI30month, EI30year

Pday

EI30day

EI30month, EI30year

1. Time aggregation

2. Computation of daily events

3. Gamma GLS regression

4. Universal kriging

5. Equation 5

6. Time aggregation

5. Equation 5

6. Time aggregation

Figure 14: Flowchart of the method. Thick bordered boxes represent original (input) data.

Orange color represents point data, while red represents spatially distributed (gridded) data.

The analysis phase described on this article encompasses steps 1 to 4 (dotted rectangle),

while steps 5 and 6 allow computation of monthly and annual erosivity values based on daily

raingauge or gridded precipitation, plus the α and β parameters from step 4.
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Figure 15: Goodness of fit and bias plots for daily EI30 estimated using kriged α and β

parameters. Predicted and observed scatterplot and kernel density (dashed line: observed;

solid line: modeled), and densities of several goodness of fit statistics (acronyms as in Figure

6).

ues. When annual averages were calculated considering all the complete years

of record at each station, the R2 increased to 0.850, and this can be considered

a conservative value since many station datasets had very few years of records380

which penalise the computation of a mean annual value. The percent bias was

very close to zero (-0.5%).

9. Discussion

The results from the previous sections are indicative of a good ability of the

proposed method for producing unbiased and accurate estimations of EI30 from385

daily precipitation records. In the case of Spain, the gridded values of α and

β parameters can be used directly to produce estimates of rainfall erosivity at

the daily level, and monthly or annual aggregates can be computed from those.

The same methodology could be applied to other study areas for which high
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Figure 16: Goodness of fit plots for annual EI30 , aggregated from daily values estimated using

kriged α and β parameters (only years with less than 5 missing days). Predicted and observed

scatterplot and kernel density (dashed line: observed; solid line: modeled), and densities of

several goodness of fit statistics (acronyms as in Figure 6).
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frequency precipitation records exist. However, there are a number of issues390

that merit further discussion, since they can have an impact on the estimated

erosivity values.

The computation of EI30 requires estimating the unit rainfall energy, e

(equation 2). A number of empirical relationships relating e to the precipitation

intensity i have been proposed, and the choice of one or another will affect the395

resulting EI30 . Here we used the RUSLE relationship in equation 3 (Renard

et al., 1997), which is one of the most commonly used ones. This expression,

however, has been criticised and a new expression has been proposed in the

RUSLE2 model (USDA-ARS, 2013) that provides a better fit to the original

expression in Wischmeier (1959). In a recent study, however, a comparison400

was made between different relationships in their ability to estimate the rainfall

energy measured by means of an optical disdrometer in the central Ebro Valley in

NE Spain, and the RUSLE expression was among the best performers (Angulo-

Mart́ınez et al., 2016). Therefore, we decided to use the RUSLE expression,

while future studies should determine the best approximation for the climatic405

conditions of Spain.

Another issue when time interval data are used for computing rainfall ero-

sivity, as explained on section , is the existence of a bias related to the sampling

frequency δT , that make erosivity values computed from data with different

sampling frequencies not directly comparable. However, it has been shown that410

the relationship between EI30 and δT follows nicely a linear relationship, so the

following expression can be used to convert erosivity values obtained with data

at different resolutions, based on the expression:

EI30 δT = φ · EI30 δT ′ , (8)

with φ being an empirical parameter that can be estimated, for instance, by

OLS regression.415

Values of φ have been published to help converting between different δT

basis (Renard et al., 1997; Agnese et al., 2006; Yin et al., 2007; Panagos et al.,
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2015b; Angulo-Mart́ınez et al., 2016). One of the most comprehensive studies

to date is that of Panagos et al. (2016b), who analysed a set of 1568 stations

spanning over Europe.420

On this work we had datasets with different sampling frequencies, but we

decided to aggregate all data to a common sampling frequency of δT = 30

minutes. This makes our results directly comparable with other rainfall erosivity

estimations computed from 30-minutes precipitation records, as it is the case

of the REDES map of rainfall erosivity over Europe (Panagos et al., 2015a).425

In order to compare with other datasets using higher or lower frequency data,

however, linear correction factors need to be used. Generic published values

such as those in previous references have to be used for that purpose, until

specific values of φ are published for Spain.

Another possible source of bias in the computation of EI30 , and one that430

has been usually neglected, arises from the different numerical precision δP

of the records. Different rain gauge types differ in their physical principles

(e.g., weights vs. tipping buckets) and in their precision. For instance, in our

dataset records coexisted with 0.1 and 0.2 mm precision. These differences

are a potential source of bias, since data at coarser resolutions tend to have435

their values concentrated in fewer, but more intense, records, resulting in higher

average erosivity. We checked for this effect by constructing new data series

with 0.2 mm resolution from those that had an original resolution of 0.1 mm,

and comparing the resulting daily EI30 values. Equation 8 was applied to

each station where data at both resolutions were available, and OLS regression440

was used for estimating the values of θ required for translating between both

resolutions. At the 15-minutes resolution, the results indicated a negligible effect

(0.999 < θ < 1), so no correction was required for the different precisions.

10. Conclusions

The USLE/RUSLE EI30 rainfall erosivity index is an important parameter445

in many erosion models, and a number of methods have been proposed for its
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calculation. The original procedure (Wischmeier, 1959) based on breakpoint

pluviometer bands is highly time-consuming, and breakpoint data are only sel-

dom available over large regions. For that reason, a number of approaches

have been developed for computing the EI30 index from commonly available450

fixed-interval precipitation records. These have the problem that the obtained

EI30 values are not independent of the sampling interval, δT , at which the

data were recorded. Linear scaling models, however, have been proposed in

order to transform EI30 values obtained with different δT , offering an opportu-

nity for calculating EI30 values from fixed-interval precipitation data that are455

compatible with those obtained from breakpoint data.

Current methods, however, require high-frequency precipitation data, i.e.

typically in the range 1 min < δT < 15 min. High-frequency precipitation data

are seldom available with the desired spatial and temporal coverage for con-

ducting regional studies, and in most cases the data sets have a short time span460

and cover only the most recent years since high-frequency records are usually

related to the recent development of automatic pluviometers that were not used

in operative networks until recently. The development of robust methods for

computing EI30 from medium-frequency precipitation data, such as daily time

series, is therefore highly desirable, since it opens the possibility to use widely465

available daily precipitation databases which in most countries have a dense

spatial density and a long temporal coverage. Being able to use daily precipi-

tation data would allow the development of regional climatologies of monthly

or annual EI30 at very high spatial resolution. Most importantly, using several

decades of daily rainfall data would allow computation of robust average EI30470

values, since large datasets spanning ideally over several decades is required for

its calculation as rainfall erosivity shows a long-tailed statistical distribution

and hence requires long time observations. Additionally, the ability to use time

series spanning over several decades allows undertaking long-term trend analy-

sis of rainfall erosivity, which is of the highest interest in a context of climate475

change.

In this study we present a robust methodology for computing monthly and
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annual EI30 from daily precipitation records. A set of high-resolution precip-

itation data is required for calibrating α and β parameters that are used for

computing daily EI30 from daily precipitation, but once calibrated these pa-480

rameters can be used with any series of daily precipitation available in the same

study area. We used optimal regression tools for the problem under study, such

Gamma GLS and universal co-kriging, and we discussed the consequences of

the assumptions made in the process. Independent validation revealed that the

method, applied to a case study covering most of continental Spain, produced485

very good estimates of monthly and annual EI30 based on daily precipitation.

This method could be used to produce similar regional models in other areas,

provided that a sufficiently dense dataset of high-frequency, albeit not necessar-

ily very long, precipitation data is available.
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S., Klik, A., Petan, S., Janeček, M., Olsen, P., et al., 2017. Mapping monthly

rainfall erosivity in europe. Science of the Total Environment 579, 1298–1315.
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Hoyos, N., Waylen, P.R., Jaramillo, Á., 2005. Seasonal and spatial patterns of

erosivity in a tropical watershed of the colombian andes. Journal of hydrolo-575

gyydrology 314, 177–191.

Klik, A., Haas, K., Dvorackova, A., Fuller, I.C., 2015. Spatial and temporal

distribution of rainfall erosivity in new zealand. Soil Research 53, 815–825.

Van der Knijff, J., Jones, R., Montanarella, L., 2000. Soil erosion risk assessment

in Europe. European Soil Bureau, European Commission Belgium.580

Lai, C., Chen, X., Wang, Z., Wu, X., Zhao, S., Wu, X., Bai, W., 2016. Spatio-

temporal variation in rainfall erosivity during 1960–2012 in the pearl river

basin, china. Catena 137, 382–391.
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