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Abstract: Soil erosion is affected by rainfall, among other factors, and it is likely to increase in the future
due to climate change impacts, resulting in higher rainfall intensities. This paper evaluates the impact of
the missing values ratio on the computation of the rainfall erosivity factor, R, and erosivity density, ED.
The paper also investigates the temporal trends and defines regions of Greece with a similar monthly
distribution of ED using an unsupervised method. Preprocessed and free from noise and errors rainfall
data from 108 stations across Greece were extracted from the Greek National Bank of Hydrological and
Meteorological Information. The rainfall data were analyzed and erosive rainfalls were identified, their
return period was determined using intensity–duration–frequency curves and R and ED values were
computed. The impact of missing data in the computation of annual values of R and ED was investigated
using a Monte Carlo simulation. The findings indicated that missing rainfall data resulted in a linear
underestimation of R, while ED is more robust. The trends in ED timeseries were evaluated using the
Kendall’s Tau test and their autocorrelation and partial autocorrelation were computed for a small subset
of stations using criteria based on the quality of data. Furthermore, cluster analysis was applied to a
larger subset of stations to define regions of Greece with similar monthly distribution of ED. The findings
of this study indicate that: (a) ED should be preferred for the assessment of erosivity in Greece over the
direct computation of R, (b) ED timeseries are found to be stationary for the majority of the selected
stations, in contrast to reported precipitation trends for the same time period, (c) Greece is divided into
three clusters/areas of stations with distinct monthly distributions of ED.
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1. Introduction

It is plausible that future climate change would increase the intensity of rainfall in Europe,
as indicated by the European research project EURO-CORDEX [1]. This expected increase in rainfall
intensity will result in increased potential soil erosion rates [2]. Major parts of Greece are affected by
desertification due to a combination of their bio-geoclimatic characteristics and the overexploitation
and misuse of natural resources [3]. Since the most significant process responsible for soil loss is related
to rainfall intensity, any possible increase of future rainfall intensity will directly affect and intensify
this desertification process [4].

The difficulty of modeling the relationship of the distribution of the raindrop sizes to the
detachment of soil particles has led to the employment of more conventional and accessible rainfall
indicators, such as those based on rainfall intensities. The Universal Soil Loss Equation, USLE [5],
and its computerized revisions RUSLE [6] and RUSLE2 [7] have been used worldwide, and one of its
empirically based factors, rainfall erosivity R, is based on rainfall intensities. USLE has the form:

A = R×K × L× S×C× P (1)
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where A is the long-term (i.e., over 20 years), average rate of soil loss (t·ha−1
·year−1) that is associated with

sheet and rill erosion, R is the rainfall erosivity factor (MJ·mm·ha−1
·h−1
·year−1), K is the soil erodibility

factor (t·h·MJ−1
·mm−1), L and S are the slope length and steepness factors, C is a cover-management

factor and P is a supporting practices factor. The second revised version of USLE, RUSLE2, introduced
erosivity density (ED), as a measure of rainfall erosivity per unit rainfall. ED was proposed in order to
develop R values for the USA on a monthly basis and a given location, due to the fact that ED requires
shorter record lengths, as 10 years lead to acceptable results; also because it allows more missing data
than R and is independent of the elevation.

Concerning the ED values in Greece, Panagos et. al. [8] used interpolated values of R and also
interpolated monthly precipitation, both coming from different origins, to produce maps of seasonal
ED values, and plotted the average values per three decades and the nine-year moving average for
8 stations. However, surveys [9,10] of the above pluviograph data revealed significant proportions
of missing values that affect the calculations of R. Also, the rainfall energy equation that was used,
coming from the Revised Universal Soil Loss Equation, RUSLE [6], was developed for an application
concerning re-ordered rainfall intensity data and not natural rainfall data [11] and as a consequence
it significantly underestimated R [12]. Last but not least, the difference between erosivity calculated
from fixed interval and not breakpoint data was not taken into account as it was by the developers of
RUSLE2 [7,13].

Precipitation in Greece has been investigated in several studies over the past two decades [14–18].
In general, precipitation varies from its maximum values during winter to a minimum during summer.
Detection of ED trends in Greece is related to an analogous problem concerning precipitation trends.
The latter problem has also been dealt with in the literature. Annual precipitation presents a downward
trend for the period 1955–2001 [14] and the mean annual rain intensity shows both statistically
significant negative trends mainly in the west sub-regions, and positive trends in the wider area
of Athens, the complex of Cyclades Islands, Crete and north-eastern sub-regions for the period
1962–2002 [19]. A more recent study [20] using data from 1940 to 2012 showed that changes occurred at
different scales, with annual rainfall being stable for the last 15 years. The same study used clustering
methods to create eight regions with similar climatic properties. Another study concerning the spatial
variation of rainfall in Greece showed that a clear contrast exists in the country between the drier,
eastern and the western part of the country, which experiences more rainfall [21].

The determination of monthly temporal distribution patterns of ED, or the categorization of
these data into meaningful clusters, where no output information exists, belongs to the domain of
unsupervised learning [22]. A large number of these learning methods exist in the literature and a
classification of them is presented by Sheikholeslami et al. [23]. In practice, the most common ones used
are k-means [24,25] and Hierarchical Clustering [26]. The optimal number of clusters in unsupervised
learning, which is initially unknown, is a major issue because different algorithms, or even a single
algorithm with different parameters, produce different clusters of data. As a result, a number of
methods have been developed for the determination of the optimal number of clusters. Many of them
use the concept of relative cluster validity [27], where results from different clustering methods are
compared using a predefined metric. A number of these methods can be found in Milligan et al. [28]
and a comprehensive list of 30 different indices can be found in Charrad et al. [29]. Three popular
methods are: (a) the elbow rule, which is a visual, sometimes ambiguous, method, (b) the silhouette
index [30] that measures how well data are contained within clusters and (c) the “gap” statistic [31]
that uses the output of a clustering algorithm and compares the observed within-cluster variation to
the one that has data with a uniform distribution.

In view of the above considerations, this study aims firstly to assess the impact of the missing
values ratio to the computation of R and ED values in a numerical way, as RUSLE2 included a
theoretical justification. This first part of the study is necessary in order to justify the intermediate step
of calculations of ED, which permits the utilization of coarser precipitation data that are more abundant
in comparison to denser pluviograph data. In the sequel, the objective of the present study is to
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investigate ED temporal trends in Greece using the latest methodologies developed and presented with
RUSLE2, taking account of the presence of missing values in precipitation records. Finally, the study
attempts to determine the presence of clusters, their optimal number and consequently to define
regions in Greece that have a similar monthly distribution of ED. The proposed clustering analysis is
performed in an unsupervised way and it has not appeared in the literature for the specific problem.
An earlier, shorter, version of this paper, without the clustering analysis and only annual values
calculations and analysis, was presented in the 3rd WATER Electronic Conference on Water Sciences
(ECWS-3) [32].

2. Materials and Methods

The methodology that was applied in the study is presented in Figure 1 as a flowchart.
High frequency precipitation data were imported and preprocessed, erosivity and erosivity density
values were calculated and a number of procedures were used in order to analyze the latter.
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Figure 1. Flowchart of the applied methodology.

2.1. Data Acquisition and Processing

The data used in the analysis were taken from the Greek National Bank of Hydrological and
Meteorological Information [33] for 108 meteorological stations across Greece (Figure 2). The time
series comprised a total of 2447 years of 30-minute-records and 478 years of five-minute-records for
the time period from 1953 to 1997, with a mean length of 26.6 years per station. The time series
were checked for consistency and errors as follows: (a) in records of repetitive values near zero (i.e.,
≤0.01 mm), these values were set to zero and (b) records of aggregated values, where the time step was
larger than the reported, were removed. The pluviograph data coverage was 43.2% on average.
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Figure 2. Station locations in Greece used in the analysis obtained from the Greek National Bank of
Hydrological and Meteorological Information.

The product of the kinetic energy of a rainfall and its maximum 30 min intensity, EI30 (MJ.mm/ha/h)
was computed using the pluviograph records [7]:

EI30 =

 m∑
r=1

er × vr

× I30 (2)

where er is the kinetic energy per unit of rainfall (MJ/ha/mm), vr the rainfall depth (mm) for the time
interval r of the hyetograph, which has been divided into r = 1, 2, . . . , m time sub-intervals and I30 is
the maximum rainfall intensity for a 30 min duration during that rainfall.

On the grounds that the use of fixed time intervals to measure maximum rainfall amounts can
lead to an underestimation of the true value [34–36], the Hershfield factor equal to 1.14 was used,
as Weiss proposed [34] for the 30-minute-records. This value is close to the factor reported for EI30

using breakpoint rainfall data and 30-minutes-fixed-time-interval data [37].
The quantity er was calculated for each time sub-interval, r, applying the kinetic energy equation

used in RUSLE2 [38,39]:
er = 0.29×

(
1− 0.72e−0.82ir

)
(3)

where ir is the rainfall intensity (mm/h). A rainfall event was identified from the continuous
pluviograph data, if its cumulative depth for a duration of 6 hours at a certain location is less than
1.27 mm. A rainfall is considered to be erosive if it has a cumulative rainfall depth greater than 12.7 mm.
All rainfalls with extreme EI30 values and a return period greater than 50 years were deleted using
the intensity-duration-frequency curves for each station, as they have recently been published [40].
The screened events were then used in the calculations.
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After the computation of EI30 values both the annual and the monthly rainfall erosivity density
ED j (MJ/ha/h) per station were calculated:

ED j =

∑m j

k=1(EI30)k

P j
(4)

where m j is the number of storms during the time season j, (EI30)k the erosivity of storm k and P j the
time season precipitation height. The numerator in Equation (3) is the seasonal rainfall erosivity R j
(MJ.mm/ha/h).

2.2. Comparative Assessment of the Impact of Missing Data

According to the RUSLE2 developers, missing data have a serious effect on the calculation of factor
R because it is an absolute sum and only if the ratio of missing data is small, this effect is negligible.
On the other hand, missing data have no effect on ED, since it is a ratio, given that missing data
are not biased [7]. Previous analysis of the Greek pluviograph data showed that the missing values
ratio is higher in the summer months [9] and consequently the data were surely biased. To mitigate
this problem, a Monte Carlo procedure was employed to assess the effect of missing values on the
calculations, especially of annual ED, and R (Algorithm 1). In this procedure a subset of the calculated
EI30 values was extracted based on the data coverage and the water divisions for the selected stations.
For 1,000 iterations a random sample per station and year was extracted to simulate different missing
values ratios and the mean absolute percentage error (MAPE) was computed using the initial and the
sampled values of annual ED and R:

MAPE =
1
n

n∑
t=1

∣∣∣∣∣Yt −Yt, miss

Yt

∣∣∣∣∣ (5)

where t = [1, . . . , n] is the year, Yt is the computed annual value using all rainfall events per station
and Yt, miss is the computed value coming from the random sample.
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2.3. Temporal Trend Detection

Due to the presence of missing values, a subset of stations was used for the temporal analysis
using the criterion that these stations should have 30 years of common time length with coverage at
least 45% (18 stations; Figure 3a). The autocorrelation coefficient function and the partial correlation
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coefficient function were compiled [41,42] to investigate the presence of serial correlation in the annual
ED values per station. The test for significance of Kendall’s Tau [43] rank correlation value was first
suggested by Mann [44] as a test for trends of a variable versus time and has been used in similar
studies about R [45–47]. In this analysis and for every selected station the hypothesis that ED does not
change over time was tested. In the presence of autocorrelation, a modified version of the test that
corrects the p-values was used [48] and the final p-values per station were adjusted using the Benjamini
& Hochberg method in order to control the false discovery rate due to multiple statistical testing [49].Water 2019, 11, x FOR PEER REVIEW  7  of  17 
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2.4. Clustering Analysis

In this part of the analysis, and also due to the presence of missing values, a different subset of
stations (84 stations; Figure 3b) was used for the clustering analysis, using the criterion that these
stations should have at least 10 values per month with coverage over 45%. The average missing monthly
values of ED per station were imputed using linear interpolation, because, in general, clustering
algorithms cannot be applied to data with missing values.

Regarding the problem of classification of the stations using the distribution of monthly ED values,
initially, and because all the clustering algorithms can return clusters, even if there is no structure in the
used data, the Hopkins index, H [50,51], for clustering tendency was applied using the monthly ED
values distribution per station. ED is a matrix that was formed using the 84 vectors of the 12 monthly
values per station. H can be used to test the null hypothesis of randomly and uniformly distributed
data, generated by a Poisson point process and is calculated with:

H =

∑m
j=1 ud

j∑m
j=1 wd

j +
∑m

j=1 ud
j

(6)

where when X is a collection of n data points that have d dimensions, a random sample from X without
replacement with members xi (i = 1 to m, m� n) is formed and Y is a set of uniformly random data
points, also with d dimensions and members y j ( j = 1 to m), u j in turn is the Euclidean distance from
y j to its nearest neighbor in X and w j is also the Euclidean distance from xi to its nearest neighbor
in X. A value of H close to one, indicates that the data are highly clustered, 0.5 indicates randomly
distributed data and zero indicates regularly spaced data [52].

The clustering method applied on ED was agglomerative Hierarchical Clustering (HC), because this
method does not depend on the prior selection of the number of the clusters, or a random initialization,
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as for example K-means does [53]. HC requirements are the selection (a) of the dissimilarity measure,
for which the Euclidean distance was used:

d(xi, yi) =

√√√ 12∑
i=1

(xi − yi)
2 (7)

where xi and yi are the monthly ED values from the stations x and y; and (b) of the agglomeration
method, where the Ward’s minimum variance criterion was selected, an algorithm that minimizes the
total within-cluster variance [54], as implemented in the R language [55,56]. At the beginning of the
algorithm, the number of the clusters is equal to the number of data points (all clusters contain a single
point). At every step, the algorithm finds the pair of clusters that result after merging to the minimum
increase of the total within-cluster-variance, which is expressed as the sum of squared differences
between the clusters’ centers. Finally, all clusters are combined to one cluster that contains all the data
using a hierarchical method.

The result from HC was a tree-based representation of the stations and the method that was
applied to determine the optimal number of clusters was a voting scheme of 30 different indices as
computed using the R’s language package NbClust [57]. Each one of these metrics determines the
relevant number of clusters in data using relative cluster validity.

3. Results and Discussion

3.1. Annual and Monthly Erosivity Density Calculations

Using the pluviograph records from all 108 stations, 100,985 rainfall events were extracted,
a subset comprising 27,421 of them were classified as erosive and consequently used in the analysis.
Utilizing intensity-duration-frequency curves 87 rainfalls were removed as outliers, because their
return period was from 50 to 2284 years (the latter was a single, reported, extreme event in the area
of Crete). These return periods caused extreme EI30 values, up to 12,887 MJ mm/ha/h, that would
disproportionately affect the calculations. The first four central moments (mean, standard deviation
skewness and kurtosis), and the coefficient of variation are used to describe the annual and monthly
values of ED for the 84 stations used in the clustering analysis (Table 1).

Table 1. Average statistical properties of annual and monthly ED values for the stations used in
clustering analysis. SD is an abbreviation for standard deviation and CV for coefficient of variation (the
ratio of the standard deviation to the mean).

ED (MJ/ha/h) Min Mean Median Max SD Skew Kurtosis CV

January 0.36 1.10 1.08 2.23 0.43 0.38 −0.58 0.39
February 0.52 1.13 1.07 2.40 0.41 0.77 0.10 0.36

March 0.52 1.10 1.05 2.37 0.36 1.06 1.47 0.32
April 0.45 1.07 1.03 2.10 0.32 0.80 0.50 0.30
May 0.37 1.39 1.30 2.64 0.44 0.53 −0.13 0.32
June 0.78 1.76 1.57 3.81 0.68 0.93 0.31 0.38
July 1.08 2.19 1.89 5.45 0.99 1.30 1.23 0.45

August 0.64 1.92 1.84 5.99 0.87 1.80 5.35 0.45
September 0.84 1.75 1.57 3.48 0.67 0.82 −0.25 0.38

October 0.61 1.78 1.66 3.54 0.67 0.90 0.18 0.38
November 0.58 1.68 1.56 3.74 0.65 0.53 −0.21 0.39
December 0.50 1.40 1.38 3.36 0.56 0.62 0.45 0.40

Annual 1.28 2.89 2.75 5.51 1.13 0.60 0.14 0.39

A comparison between the results from the energy equation that was used by Panagos and his
associates [8] and the one used in the study, showed a systematic underestimation of about 14% percent
in the calculations of EI30 in the previous study. These results are similar to the ones found for Italy,
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also a Mediterranean country, and from various places worldwide [39], about the variation among
RUSLE and RUSLE2.

The computed mean annual value of ED (2.89 MJ/ha/h) is more than two times larger than the
value reported for Greece, also by Panagos et al. [8] (1.22 MJ/ha/h). The reason for this difference
is that in the previous study the researchers calculated ED as the fraction of R that came from the
same pluviograph records (with the missing values issues and the systematic underestimation) and
precipitation using a different origin (one-km-global-spatial-resolution monthly values [58]).

The stations’ monthly mean ED values, as well as their annual means are presented in Figure 4.
These values, in general, seem to follow the same annual pattern, with higher ED values during summer and
autumn. This annual pattern was similar to the one presented by Panagos et al. [8]. A small set of stations
appeared to have very large values during summer, and another one had its maximum during autumn.
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Figure 4. The grey lines represent the average monthly ED of all the stations used in clustering analysis.
Some of these lines have no values for some months due to missing values. The red line symbolizes the
mean annual ED values coming from all the stations, after smoothing by means of Local Polynomial
Regression Fitting [59], as a non-parametric method to present smooth curves between the plotted variables.

3.2. Monte Carlo Procedure Results

The Monte Carlo procedure results (Figure 5) showed that ED is more robust against the presence
of missing precipitation values. Using only 5% of the data, annual R values were underestimated
by 85% on average, when the average estimation error of ED values was 50%. R was proportionally
underestimated as the missing values ratio increased, while ED’s estimation error followed a parabolic
curve. In the presence of 50% of the data, R values were underestimated by half, while at the same
time the estimation error of ED was 20%.

Even though the impact of missing values to the underestimation of R was expected, it seems that
the effect on the calculations of ED is not negligible, as the RUSLE2 developers stated, especially at low
data coverage. In any case, it appeared that the use of ED instead of the direct calculations of R should
be preferred in any case and especially in the presence of missing values, as is the case with the data
from Greece, because it does not introduce systematic errors.
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ratio to the computation of annual R and ED values. Grey bands symbolize the interquartile range (i.e.,
the 25th and 75th percentiles of the errors) per variable. Lower values of MAPE mean smaller error.

3.3. Erosivity Density Temporal Trends

The findings regarding the EDs’ samples autocorrelation coefficient functions and the partial
correlation coefficient functions did not reveal any practical meaning of the statistically significant
values that were found at specific lags in the time-series of a small number of stations. On account of
the previous fact, it was safe to suppose that no stochastic trends existed for the examined time-series.

The Kendall’s Tau rank correlation test results (Table 2) indicated that for the majority of the
stations the null hypothesis that annual ED values didn’t change over time could not be rejected for a
significance level α = 5%. Thus, it was reasonable to suppose that these time series were realizations of
stationary processes. Of the 18 stations used in this analysis, only the station PARANESTE appeared to
have a significant negative temporal trend (Table 2). These results of stationarity did not follow the
previously reported trends of the mean annual rain intensities in Greece [19], as ED expresses rainfall
intensities. Panagos et al. [8] did not perform a statistical analysis of temporal trends. They presented
average values with no trend detection.
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Table 2. Location and analysis results for the stations with a common time length during 1965–1996.
ID is an abbreviation for the station ID as reported in the Greek National Bank of Hydrological and
Meteorological Information, WD for the Greek Water Divisions, Lon for longitude, Lat for latitude, El
for elevation, MCV for mean coverage per station, padj is the adjusted p-value from the test using the
Benjamini & Hochberg method. When a star is marked, it indicates the test results in which the null
hypothesis is rejected for a significance level α = 5%.

ID Name WD Lon (◦) Lat (◦) El (m) MCV (%) Tau padj

1 200003 GRABIA GR07 22.43 38.67 381 73.4 0.12 0.612
2 200011 LIDORIKI GR04 22.20 38.53 548 69.2 −0.09 0.612
3 200015 PYRA GR04 22.27 38.74 1137 74.8 −0.11 0.612
4 200018 AG. TRIADA GR07 22.92 38.35 400 65.4 0.31 0.081
5 200021 DISTOMO GR07 22.67 38.43 458 60.3 −0.02 0.919
6 200024 LEIBADIA GR07 22.87 38.44 176 56 −0.27 0.132
7 200059 BASILIKO GR05 20.59 40.01 747 75.8 −0.11 0.612
8 200092 ELASSONA GR08 22.19 39.89 276 71.7 0.02 0.919
9 200135 KALYBIA GR02 22.30 37.92 822 65.3 0.29 0.123
10 200142 NEMEA GR02 22.66 37.83 306 63.8 −0.26 0.132
11 200144 SPATHOBOUNI GR02 22.80 37.85 150 48.1 −0.08 0.612
12 200181 LESINIO GR04 21.19 38.42 2 59.9 0.45 0.055
13 200190 POROS REG. GR04 21.75 38.51 182 67.8 −0.11 0.612
14 200243 NEOCHORIO GR03 22.48 37.67 704 63.2 0.14 0.595
15 200291 A. ARCHANES GR13 25.16 35.24 392 51.6 0.09 0.612
16 200309 DRAMA GR11 24.15 41.14 100 69.6 0.10 0.612
17 200311 PARANESTE GR12 24.50 41.27 122 66.1 −0.46 0.005 *
18 200346 KATERINE GR09 22.51 40.28 30 64.2 −0.15 0.595

3.4. Erosivity Density Spatio-Temporal Clustering

The computed value of the Hopkins index h was 0.70, so the null hypothesis of random data could
be safely rejected. This result indicated that there was a physical meaning in the categorization of the
stations using their monthly distribution of ED values. After the application of the 30 different indices
for the determination of the optimal number of clusters (Figure 6), among all indices 20 proposed
three as the best number of clusters and five indices proposed two clusters (Table 3). According to the
majority rule it seemed that three was the suitable number of clusters in the dataset.

Table 3. Clustering validity indices results. NOC is an abbreviation for Number of Clusters.

Method KL
[60]

CH
[61]

Hartigan
[62]

CCC
[63]

Scott
[64]

Marriot
[65]

TrCovW
[28]

TraceW
[28]

Friedman
[66]

NOC 3 2 3 2 3 3 3 3 3
Value 2.27 39.70 11.13 12.61 109.02 1.40E+12 568.30 27.72 26.67

Method Cindex
[67]

DB
[68]

Silhouette
[30]

Duda
[69]

PseudoT2
[69]

Beale
[70]

Ratkowsky
[71]

Ball
[72]

PtBiserial
[73]

NOC 6 3 3 3 3 7 2 3 3
Value 0.26 1.02 0.39 0.82 14.45 0.54 0.39 57.07 0.75

Method Frey
[74]

McClain
[75]

Gamma
[76]

Gplus
[73]

Tau
[73]

Dunn
[77]

Hubert
[78]

SDindex
[79]

Dindex
[80]

NOC 1 2 3 3 3 3 6 3 3
Value NA 0.30 0.89 49.04 787.63 0.30 Graphical 1.97 Graphical

Method Rubin
[66]

Gap
[31]

SDbw
[81]

NOC 3 2 8
Value −1.06 −0.36 0.34

The first four central moments (mean, standard deviation skewness and kurtosis), and the
coefficient of variation were used to describe the mean monthly ED of the three clusters (Table 4).
These three clusters are presented in Figure 7 as a map.
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Table 4. Statistical properties of the mean monthly ED values of the clusters (centers of the clusters).
SD is an abbreviation for standard deviation and CV for coefficient of variation.

ED (MJ/ha/h) Min Mean Median Max SD Skew Kurtosis CV

Cluster 1 0.97 1.34 1.35 1.89 0.31 0.18 −1.44 0.23
Cluster 2 1.52 2.06 1.86 3.09 0.55 0.67 −1.21 0.27
Cluster 3 1.00 2.09 2.00 4.01 0.89 0.79 −0.48 0.43

In Figure 8, Local Polynomial Regression Fitting (LOESS [82]) was used as a non-parametric
method to produce smooth curves through the monthly ED values of the stations for each of the
three clusters. In that method, the fitting is done locally for a given point x using all the points in the
neighborhood of x and the distances of these points from x as weights.

The emerged three patterns followed different spatial and temporal distributions. Most of the
stations located in the eastern part of Greece, which is drier (rain-shadow) had their maximum of ED
values in July and belong to the cluster number one. Cluster number two was located in the western
and wetter part of the country (rain-side), where ED values had their maximum in October. A third
area that consisted a) mostly of stations located in the north-east part of Greece and b) of two stations
at the center of Peloponnesus at south Greece, also had their maximum in the summer. Both clusters
two and three had larger ED values and variance on average than the first cluster. Panagos et al. [8],
did not identify these areas but reported that there is “high spatial and temporal variability of ED”.
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4. Conclusions

Summarizing, the main conclusions of our study are:

1. Incomplete pluviograph data can be used to compute ED and achieve acceptable accuracy on the
estimation of R.

2. Stationarity of ED was found for the majority of the selected stations in Greece.
3. Three clusters of stations define areas in Greece with different temporal patterns of ED.
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4. Only the stations that are located in the rainy part of western Greece have ED values that follow
the seasonal cycle of precipitation that is common for the country.

The comparative assessment of the impact of missing data on both R and ED using a numerical
scheme and data coming from a national database (Greece) was one of the results of this paper.
The Monte-Carlo simulation showed that it is suggested to compute ED for the assessment of erosivity
instead of a direct computation of R in the presence of incomplete data. A small fraction of pluviograph
data can be used to compute ED and achieve acceptable accuracy during the estimation of R in
conjunction with precipitation data consisting of coarser values such as daily or monthly, which are
available on a larger spatial and temporal extent, not only in Greece, but worldwide.

In this paper, contrary to a previous study on the country, (a) the methodology that is used in
RUSLE2 was applied, (b) monthly and annual ED values were calculated for 108 stations without the
presence of outliers and (c) corrections were made due to the use of 30-minutes-fixed- time-interval
data instead of breakpoint rainfall data. As a result, the mean value of ED calculated here is more
than two times larger than the value previously reported. Consequently, and due to the presence
of a large proportion of missing values, the previously reported R values for the country were also
underestimated. Furthermore, stationarity of annual values of ED was found for the majority of the
stations that share a time length of 30 years, in contrast to the reported precipitation and rainfall
intensity trends for the same time period in Greece.

An unsupervised analysis that has not been applied for the specific problem in the bibliography
was used and identified three clusters of stations in Greece that define areas with different temporal
patterns of monthly ED values, in other words areas with different seasonal distributions of intense
and erosive rainfalls. These patterns can also be used to estimate R values in Greece, using coarser
precipitation data. Only the stations that are located in the rainy part of western Greece have ED values
that follow the same, common, seasonal cycle of precipitation in the country, with their maximum
values occurring during autumn. The stations located to the eastern part have their maximum values
during summer and an area that is located to the north-east part of Greece emerged, with higher
variability and absolute values of ED than the rest.
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