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RAINFALL EROSIVITY FOR THE STATE OF RIO DE JANEIRO ESTIMATED
BY ARTIFICIAL NEURAL NETWORK
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ABSTRACT: The Artificial Neural Networks (ANNSs) are mathematical models method capable of
estimating non-linear response plans. The advantage of these models is to present different
responses of the statistical models. Thus, the objective of this study was to develop and to test
ANNSs for estimating rainfall erosivity index (Elso) as a function of the geographical location for the
state of Rio de Janeiro, Brazil and generating a thematic visualization map. The characteristics of
latitude, longitude e altitude using ANNs were acceptable to estimating Elsp and allowing
visualization of the space variability of Elsp. Thus, ANN is a potential option for the estimate of
climatic variables in substitution to the traditional methods of interpolation.
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EROSIVIDADE DAS CHUVAS NO ESTADO DO RIO DE JANEIRO ESTIMADA POR
REDES NEURAIS ARTIFICIAIS

RESUMO: As Redes Neurais Artificiais (RNAs) sdo métodos de modelagem matematica capazes
de estimar planos de respostas ndo lineares, tendo a vantagem sobre métodos estatisticos que
apresentam respostas lineares ou quadraticas. Este trabalho teve como objetivo desenvolver e testar
RNAs para estimaro indice de erosividade das chuvas (Elsy) no Estado do Rio de Janeiro, em
funcéo da localizacdo geografica, e gerar um mapa tematico para visualizacdo. As caracteristicas de
latitude, longitude e altitude podem ser utilizadas para estimar o indice Elzo, permitindogerar um
mapa da variabilidade espacial desseindice.

PALAVRAS-CHAVE: sistema de informacdo geogréafica, métodos de interpolacéo, conservacao
de solo.
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INTRODUCTION

Despite its importance for agriculture, rain is the main element in soil erosion (NYSSEN et
al., 2005). Its distribution is dependent on factors that are static (latitude, distance from the ocean,
orographic effects) and dynamic (movement of air masses), which characterize the rainfall in a
region when associated with each other (MONTEBELLER et al., 2007).

Soil degradation can be considered one of the most important environmental problems, being
water erosion the degradation form that has most affected the yield potential of soils, assisted and
accelerated by the man with his inappropriate agricultural management practices (SILVA et al.
2005). According to MACHADO et al. (2008), accelerated erosion is considered one of the most
damaging forms of land degradation. In addition to reducing fertility and consequently crop
productivity through loss of land, water and nutrients, this phenomenon can cause serious
environmental problems, such as silting and contamination of water bodies, consequently raising
the costs of water treatment (PRUSKI, 2009).

The Universal Soil Loss Equation (USLE) is an empirical model that estimates soil loss, and
identify the factors that have the greatest effect on this phenomenon (WISCHMEIER & SMITH,
1958). Among the USLE factors, the one expressing the erosive capacity of rainfall is known as rain
erosivity index (Elsp), which is the product of the total kinetic energy of maximum intensity of rain
in 30 minutes. According to CARVALHO et al. (2010), erosivity is a numeric index that expresses
the rain capability of causing erosion in an area. This factor is considered one of the most important
components in the estimation of water erosion when using indirect methods, because it quantifies
the effect of the impact of raindrops on the soil, therefore allowing the estimation of their erosivity.

MONTEBELLER et al. (2007) observed that the accurate estimation of erosivity indices in a
region requires a reliable time series and uniform distribution of pluviometers. However, due to the
limited availability of pluviometer records, the estimation of Elgg index is difficult for some regions
in Brazil. In order to overcome this limitation, some authors propose the use of empirical equations
that relate the El3p with monthly and annual precipitation (CARVALHO et al., 2005). However,
even with these equations, obtaining the Elsg is restricted to locations where there is a satisfactory
rainfall database.

Even in localities where rainfall records are available, SILVA (2004) and GONCALVES et
al. (2006) used interpolation techniques to estimate Elsy values, based on the inverse power of
distance (IPD) method. However, this method does not take into account the altitude of the area but
instead the value of the rainfall erosivity from other locations, using an inversely proportional
relation of the distance between this site and each of the neighboring stations. MONTEBELLER et
al. (2007) evaluated the spatial variability of erosivity in the State of Rio de Janeiro, using
geostatistical analysis.

An improvement to obtain Elsp values can be attained when interpolation methods take into
account the altitude (GONCALVES, 2002), which is possible by using Artificial Neural Networks
(ANN). According to SARIGUL et al. (2003), among the models that utilize artificial intelligence
techniques, artificial neural networks (ANNSs) are the most widely used. In comparison with
statistical models, which determine linear or quadratic plans, the main advantage of an ANN is its
ability to model nonlinear response plans. ZANETTI et al. (2008) state that ANNSs are distributed
parallel systems, composed of simple processing units, which calculate certain mathematical
functions. They have been successfully used to model complex relationships involving time series
in various areas of knowledge. MOREIRA et al. (2006) and MOREIRA et al. (2009) used ANNs to
estimate the erosivity in the states of Sao Paulo and Minas Gerais, respectively. Using estimated
values of Els from 138 and 268 rainfall stations, respectively, the authors concluded that the
developed ANNs showed satisfactory results and can be used for use planning, management and
soil conservation in both states.
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Based on the above, this study aimed to develop and test ANNSs to estimate the values of
rainfall erosivity index (Elz) from geographical features (longitude, latitude and altitude) in any
area of the State of Rio de Janeiro and prepare a map of erosivity variability for the state of Rio de
Janeiro.

MATERIAL AND METHODS

The Eljp values used for the development and testing of ANN were obtained from studies by
GONCALVES (2002) and MONTEBELLER (2005) for 36 locations in the State of Rio de Janeiro.
The geographical site (latitude and longitude), the altitude and the El3, values were standardized by
mean and standard deviation in order to reduce the difference in scale of the variables in the training
phase of the ANN. Figure 1 and Table 1 show, respectively, the geographic location and
precipitation station data used in this study. The pluviometer data series had different number of
records, depending on the institution responsible for managing the data (7; 17; 7 and 15 years, on
average, respectively, for INMET, SERLA, ANA and Light).
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FIGURE 1. Map of the state of Rio de Janeiro with the distribution of 36 pluviograph stations used.

The training and testing of ANN were performed using the platform of the computer program
Matlab® 6.5 with the Neural Network package tool, which uses an iterative method to minimize the
error between the ANN output and the observed value, known as the back-propagation error
algorithm. This procedure minimizes the mean square error (MSE) between the ANN output and
the expected output of the network free parameters (w's and b's). The minimization was performed
by Quasi-Newton iterative method using the Levenberg-Marquardt algorithm (ZANETTI et al.,
2008).
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TABLE 1. Geographic characteristics of pluviograph stations and rainfall erosivity index, Elsg

(MJ mm htha™tyr?).

Altitude

Code Name Institution Latitude Longitude m) Elso
2242067 Alcalis INMET 22° 59’ 42° 02’ 7,4 3.947,09
2344013 Angra dos Reis INMET 23°01° 44° 19 2 6.749,80
2141044 Campos INMET 21°45° 41°20° 11 3.447,03
2142053 Carmo INMET 21°55° 42°37° 341 5.640,91
2242074 Cordeiro INMET 22°02° 42°22° 485 7.444,86
2243186 Ecologia Agricola INMET 22°48’ 43°41° 33 4.876,35
2344017 Ilha Guaiba INMET 23°00° 44° 02’ 64 5.691,53
2141045 Itaperuna INMET 21°12° 41°53° 124 6.180,46
2241020 Macaé INMET 22°21° 41°48° 4 5.041,69
2242070 Nova Friburgo INMET 22°16° 43°23° 857 6.146,34
2243165 Pirai INMET 22° 38’ 43° 54° 388 6.261,55
2244092 Resende INMET 22°29° 44° 28’ 440 9.137,16
2142051 Sta. Maria Madalena INMET 21°37 42° 05’ 620 6.098,20
2243157 Sao Bento INMET 22°44° 43° 18’ 6 5.447,68
2242072 Teresopolis INMET 22027 42°56° 874 5.341,73
2243151 Vassouras INMET 22°20° 43° 40° 437 5.474,19
2242090 Andorinhas SERLA 22032’ 43° 03’ 80 15.022,90
2243238 Faz. Coqueiro SERLA 22°25° 42° 48’ 140 11.581,20
2243235 Faz. Sto. Amaro SERLA 22°24° 42°43° 260 13.976,30
2242097 Japuiba SERLA 22°33° 42°41° 50 8.527,58
2242100 Sambaetiba SERLA 22038’ 42°48° 10 7.670,77
2242096 Xerém SERLA 22°33° 43° 18’ 144 7.790,27
2243008 Manuel Duarte ANA 22°05° 43°33° 400 5.000,36
2244033 Santa Isabel do Rio Preto  ANA 23°13° 44° 04’ 567 7.003,92
2344016 Vila Mambucaba ANA 23°02’ 44°31° 6 9.943,07
2142362 Ilha dos Pombos Light 21°51° 42°35° 146 5.536,66
2243205 Santa Cecilia Light 22°29° 43° 50° 371 5.081,63
2243251 Lajes Light 22042 43° 53 462 7.470,96
2244103 Tocos Light 22°45° 44° 07’ 479 8.622,91
2242091 Tangua SERLA 22042 42°42° 40 5.211,00
2242094 EscolaUnido SERLA 22°35° 42° 56° 10 9.776,15
2242095  Cachoeiras de Macacu ~ SERLA 22°29° 42° 39’ 40 7.405,42
2242098 PostoGarrafdo SERLA 22°29° 42° 59’ 640 15.756,30
2242101 Rio Mole SERLA 22°51° 42°33° 10 5.460,08
2243083 Eletrobras SERLA 22°55° 43°25° 40 4.997,79
2243239 Capela Mayrink SERLA 22°57° 43°17° 460 9.405,69

The ANN architecture was type 3-n;-n,-1, being values corresponding to an input vector with
three variables, two intermediate layers with n; and n, neurons, and one neuron in the output layer.
The input vector was composed by values of latitude, longitude and altitude of each rainfall station.
For the neuron in the output layer, it was used a linear activation function to generate the value of

the rainfall erosivity (MJ mm h™ ha™* yr), of the location represented by the input vector.

ANN training and testing was performed by the "leaving one out” method, which consists of
defining a fixed number of iterations to minimize the error. The ANN test was assessed with the
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observation that falls outside the training, in order not to bias the error. This method is a variant of
cross-validation that is used when the sample has small number of observations (SENA JUNIOR et
al., 2008). For each training, just an observation was left out for testing, obtaining thus a greater
number of observations in the training sample.

Several ANNs were trained by varying the number of times, number of neurons in the
intermediate layers, and activation functions. The numbers of iterations or periods used in the
training were 25; 50; 75; 100 and 150. Because in the beginning of training, free parameters were
randomly generated and these initial values can influence the outcome of the training, each
architecture was trained ten times, and selected the one with lowest classification MSE in the
observation test.

In assessing the results obtained with the developed ANN, validity indices were used as
proposed by CAMARGO & SENTELHAS (1997), and the absolute value of the mean relative error
(MRE) (Equation 1). The indices of validity are: precision (r), indicating the degree of data
dispersion (Equation 2), accuracy (d), relating to the removal of the points listed on the regression
graph in relation to the line of equal values 1:1 (Equation 3), and confidence (c), represented by the
product of the precision index by the accuracy index.

MRE =13

i=1l

Aﬁ B Ti
(T)

(1)
where,

n - 36 weather stations;

A\ - Elg estimated by ANN for the i-th station, MJ mm h™*ha™ yr?, and

Ti - El3o of the i-th experimental station, MJ mm h™ ha™ yr™.

> T -T)(A - A)
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r =

(2)

where,
A - average Els estimated by ANN from the 36 stations, and
.I__

- experimental average El3 from the 36 stations.

1S (AT
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n;(\A ~T|+[T-T)?

(3)

where,
‘Ai —ﬂ - absolute deviation between the estimated ANN value for the i-th station and the
average experimental values, and
‘Ti —ﬂ - absolute deviation between the experimental value of the i-th station and the average
experimental values.

A graph of correspondence with the MRE and validity indices was used to compare between
the Elzo values, obtained by ANN simulation and calculated from pluviometers by GONCALVES
(2002) and MONTEBELLER (2005), for 36 stations in the test phase of ANN. Another
correspondence chart was generated with values of Elsp factor, being 62 of these estimated by
MONTEBELLER (2005) with equations that correlate Elzy monthly with rainfall and 36 from the
factor experimentally obtained by the same authors, totaling 98 values. These values were also
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obtained by ANN according to their geographic locations (latitude, longitude and altitude) and
compared with these 98 values.

To view the results obtained by ANN, a thematic map of erosivity indices of the state of Rio
de Janeiro estimated by ANN that presented the best performance was built. The resulting map was
reclassified in the interval between Els, classes of 2,000 MJ mm ha™ h™ yr, in a total of seven
classes, as used by MONTEBELLER (2005).

The preparation of the Elso variability map was performed using the ArcGis program, and the
kriging interpolation method was used, as recommended by CEDDIA et al. (2009). A set of 452
points of geographic coordinates (latitude, longitude and altitude) within the limits of the State of
Rio de Janeiro was obtained from picture provided by Google Earth Release 4.2. These coordinates
were used to estimate the Elsp by the best ANN developed previously and to obtain a variability
map of the Elso classes of 2000 MJ mm ha* h™* yr, according to MONTEBELLER (2005).

RESULTS AND DISCUSSION

Table 2 shows the number of times, number of neurons of the intermediate layers (Layer 1
and Layer 2), the mean relative error (MRE) of the sample from the best ANN and the validity
indices used in the work.

TABLE 2. Number of neurons of intermediate layers (Layer 1 and Layer 2), root mean square
(RMS), correlation coefficient(r), accuracy index (d) and reliability index (c) of the
artificial neural network (ANN) available.

Number of Times Neurons in Neurons in RMS " q c
(Iterations) Layer 1 Layer 2 (%)
25 4 2 23,4 0,5 0,7 0,4
25 4 3 21,5 0,6 0,8 0,5
50 4 2 26,6 0,7 0,7 0,5
50 4 3 30,9 0,5 0,7 0,4
75 4 2 23,4 0,4 0,8 0,3
75 4 3 35,4 0,7 0,8 0,6
100 4 2 43,8 0,5 0,6 0,3
100 4 3 39,3 0,6 0,6 0,4
150 4 2 50,9 0,4 0,7 0,3
150 4 3 26,3 0,8 0,7 0,5

The ANN that showed the best result was that trained with 75 iterations (periods) and
presented in its architecture intermediate layers with n; = 4 and n, = 3 neurons. Under these
conditions, the confidence index (c) was equal to 0.6, considered "poor" according to CAMARGO
& SENTELHAS (1997), and the MRE was 35.4%. The activation functions used in the neurons
were sigmoid hyperbolic tangent type (tansig), in the input and intermediate layers, and of linear
type (purelin) in the output layer.

The ANN developed to determine the Elspvalues has the following parameters:

Elgp = [f3(Waf2 (Wafy (Wip +by) +by) +Db3]
(4)
where,
f1 = f,= tansig (n) = 2/(1+exp(-2n))-1;
f3= purelin (n) =n;
n = value of the entry in the function;
W = adjusted w's matrix parameters of the ANN;
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W, =[0.8853 -1.1654  2.0749];

7

€ 71437 00195 26653  -4.3530 t
W, =g -1.9807 -2.4426  3.2852  -1.8885 ;
§ 58229 47337 57272 18481 {

€-0195  -1.0043  -0.8873 | Lat
W, =& 7.3065 4.2234 1.0845 ( andp = | Long
& 7.3065  -0.4847  -1.0444 ( Al
& 0.6443  -1.7303  0.6435 t
where,
p - input vector of ANN;
Lat - latitude, decimal ©;
Long - longitude, decimal °, and
Alt - altitude, m.
Adjusted bias (b's) matrix parameters for ANN
0,0662
1,3948
-2,1611
by = ; by =|-0,6764 |and, by = [1,4956]
1,2449
-4,0897
- 3,2242

The vector of input and output variables were standardized by the equation:

X—p
(¢}

Xp =
where,
X,- standardized variable;

X - real variable;
u- X average, and
G - X standard deviation.

The values of mean and standard deviations were used for standardization, respectively:

ety # te, 2234320 4305480 376,4735m 70330MImmh*hatyr *]

boi Ou Ow 0u, 4305 093160 3789038 m 30497 MImmh*hatyr *]

With this defined ANN architecture and parameters, it is possible to estimate the Elsg in the
State of Rio de Janeiro, from its implementation in any computing platform that operates with
matrices, as well as to generate more data from the Elso to use in visualization software in attribute
maps of values classes.

Figure 2 shows the correspondence graph of the Elsp estimated values of the ANN (eq.(4))
with ones observed from pluviometer data. Combining the results found with the one stipulated by
MONTEBELLER (2005), which showed a map with Els, classes ranging in 2000 MJ mm ha™ ht yr?, it
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IS noticeable the viability of using ANN to estimate rain erosivity in the State of Rio de Janeiro,
because the error introduced would not be detrimental for the purposes of calculating the erosivity.
Taking as an example a value of 8000 MJ mm ha™ h™ yr: when using ANN to estimate the Els,
value of that location and considering an MRE of 35.40%, the range of possible values is between
5,168 and 10,832 MJ mm ha™ h™ yr’(8,000 + 0.354 x 8,000). Thus, ANN was estimated by
including the value in the correct range or, at most, one level above (9,000 to 11,000) or one level
below (5000-7000) to the one considered correct (7000-9000). However, the addition of variables
that influence the erosivity, and geographic coordinates, should be tested in order to improve the
accuracy of the estimated El3g index.
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FIGURE 2. Correspondence graph between the Elso index values (MJ mm h™ ha! year™) predicted
by ANN (eq.(4)) and obtained from pluviograph data.

Figure 3 shows the correspondence graph generated between 98 Elsp values estimated and
observed by MONTEBELLER (2005) and GONCALVES (2002), and the corresponding values
simulated by the ANN developed for this other dataset. It is noticeable that the confidence index (c)
increased to 0.7, which is considered "good" by the classification proposed by CAMARGO &
SENTELHAS (1997). It is also observed that the small number of observations of the Els value
(obtained in 36 precipitation stations) used in the past training and testing of ANNs may have been
the reason for the "poor" results shown in the analysis. Despite the best result in the training of
ANN with 98 Elz, values, one should take into account that part of these Elsy values were
estimated, reducing the validation reliability compared to ANN evaluated with 36 observations.
Thus, the ANN estimation of Elsp index by using a larger sample number for ANN training resulted
in acceptable values to compare with calculated and observed values by MONTEBELLER (2005)
and GONCALVES (2002).
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FIGURE 3. Correspondence graph between the Elsp values predicted by ANN and estimated by
MONTEBELLER (2005) and GONCALVES (2002).

The adjusted model of the kriging semivariogram was exponential. Figure 4 shows the
thematic map with the Elsp, erosivity index for the State of Rio de Janeiro estimated by ANNSs. The
map showed the same variation tendency of that found by MONTEBELLER et al. (2007).
However, the use of ANN allowed generating more points, making it possible to achieve better
visualization of the Elsg spatial variability, thus generating a greater number of erosivity classes in
the same region. This result attends the recommendation of MONTEBELLER et al. (2007), so that
a greater number of erosivity values were obtained, mainly in the north (micro-regions of Campos
dos Goytacazes and Macaé) and the coastal lowlands (micro-regions of Bacia de Sdo Jodo and
Lagos).
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CONCLUSIONS

The geographic characteristics of locations (latitude, longitude and altitude) can be used to
estimate Elsp using ANNS for the State of Rio de Janeiro;

The use of ANN allowed generating a greater number of Elsy points, thus enabling the
production of thematic map with better visualization of the spatial variability of this attribute.
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