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Abstract: The aim of the study is to determine the performance of the regional agricultural drought prediction by the model of ANN 
(Artificial Neural Networks) type NARX, using the SPI (Standardized Precipitation Index), SPEI (Precipitation Index Standardized 
Evapotranspiration), VCI (Vegetation Condition Index) and GCI (Global Climate Indexes). There have been determined 10 
homogeneous regions through RAF (regional frequency analysis) and L-moments, defining the most arid region and the index 
representing their respective time scale (SPEI 6 months) which responds to the growth and development of vegetation in the basin 
correlation Pearson equal to 0.58. Monthly rainfall and temperatures correspond to PISCO data prepared by SENAMHI-Peru, with 
space resolution of 0.05 degrees. For prediction, they have determined two groups, the first to build the model with 80% of the 
registration and validation of the model and the hypothesis with the remaining 20%. The results have been satisfactory prediction 
accepting the null hypothesis.  
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1. Introduction 

At present, in many parts of the world, climate 

change and its anomalies are often spoken of as low 

rainfall, which is normally perceived according to the 

seasonal and spatial season that leads to the 

phenomenon called meteorological drought. This 

phenomenon is not recent, on the contrary, there is very 

marked evidence of the presence of this in many 

ancient cultures with very bad results in many of them. 

Certainly, this phenomenon is directly relevant to the 

social, economic and political spheres. 

According to the National Service of Meteorology 

and Hydrology (SENAMHI), climate prediction in 

Peru is a very complex work, because its territory is 

formed around 27 climatic zones ranging from 0 to 
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6,000 meters above sea level. Each region or basin has 

its own characteristics that vary according to the GCI 

(Global Climate Indexes), Oceanic, Atmospheric, 

Telemetric, the influence of the ICZ (Intertropical 

Convergence Zone), among others. Likewise, the 

coasts of Peru suffer extreme phenomena (El NIÑO Y 

LA NIÑA) quite recurrently in these last decades. 

During EL NIÑO, there are very high precipitations 

causing flooding in the North and absence of 

precipitation in the south. 

In the meteorological drought, the important 

parameter corresponds to the monthly precipitations 

and the estimates by remote sensing are an alternative 

source of information being calibrated and validated 

due to the indirect nature of the measurement. The 

CHIRPS (Climate Hazards Group InfraRed 

Precipitation with Station data) [1] and PISCO 

(Peruvian Interpolated data of the SENAMHI’s 

Climatological and hydrological Observations) [2], 
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currently provides this information in a resolution of 

0.05 degrees latitude and longitude. Funk, et al. [3] 

mention that the product CHIRPS validates rainfall for 

Peru with 403 stations provided by the National Water 

Authority (ANA) of Peru. 

On the other hand, SENAMHI divides the Mantaro 

basin into three zones, north, center and south, whose 

main activity is agriculture and presence of the energy 

sector due to its variation in water potential. They 

demonstrated the climatic scenarios in the three zones 

and concluded that rainfall decreases by 10%, 19% and 

14%, north, central and south respectively, also in the 

70s and 80s, when rainy periods occurred and during 

the 1990s, monthly rainfall declined significantly. For 

this reason, the impact of droughts in the Mantaro basin 

demands special attention. 

At present, the use of AI (Artificial Intelligence) 

techniques in engineering is frequent and has 

demonstrated a great capacity in the modeling and 

prediction of time series and for the resolution of 

non-stationary complex non-linear problems. For 

example, GAs (Genetic Algorithms) are methodologies 

for probabilistic optimization based on the theory of 

evolution in its three stages, selection, crossing and 

mutation. On the other hand, ANNs (Artificial Neural 

Networks), especially in the prediction of phenomena, 

have shown a very good performance [4]. 

In order to reach the stage of prediction of droughts 

in the unit of study, the RFA (Regional Frequency 

Analysis) was carried out, using the L-Moments 

technique prior to regionalization or clustering with 

methodologies of ANNs, such as SOM (Self 

Organizing Map) for the reduction of discordant and 

heterogeneous stations. 

Also, the determination of the representative 

indicator of droughts with its corresponding time scale, 

includes 4 indexes: SPIMV (Standardized Precipitation 

Index by Maximum Likelihood), SPIAG (Standardized 

Precipitation Index by Genetic Algorithms), SPEI 

(Precipitation Index Standardized Evapotranspiration) 

by Vicente Serrano [5, 6] and the VCI (Vegetation 

Condition Index). The latter is considered as the 

standard index representing the response of vegetative 

growth in the Mantaro basin. 

Finally, for the application of the prediction, the 

ANN-NARX model is constructed, with characteristic 

being a recurrent or dynamic network for the prediction 

of time series. The type of network corresponds to 

NARX (Dynamic Network) and Levenberg-Marquardt 

training function, derived in Newton’s method 

optimization technique. The training, validation and 

test results have acceptable correlation coefficients. 

2. Materials and Methods 

The study area corresponds to the Mantaro basin 

distributed in 1,145 cells considered as synthetic 

stations. It is located in the hydrographical region of the 

Amazon River and comes to be one of the basins 

belonging to the slope of the Atlantic.  

Geographically it is located in central Peru between 

the parallels 10°34'30" and 13°35'30" south latitude, 

and between meridians 73°55'00" and 76°40'30" west 

longitude, as shown in Fig. 1. It represents 2.8% of the 

Peruvian territory. 

To achieve the objective of the present investigation, 

authors propose sequence procedures, which contains 6 

stages. 

First stage: it corresponds to the acquisition of data 

by remote perception of the VCR (Regional Climatic 

Variables), such as the precipitations and maximum 

and minimum monthly temperatures within the study 

unit. For the acquisition of the monthly precipitation 

records, the PISCO data were used, the same one that 

intervenes with the methodology of geostatistical 

interpolation between the variable monthly precipitation 

and the covariable data of the CHIRPS grid, obtaining 

models of residual semivariogram between precipitations 

CHIRPS and specific rainfall recorded by SENAMHI. 

This is one of the alternatives of correction to the data 

acquired by remote perception, to obtain the monthly 

precipitation maps in raster formats, with resolution 

0.05 degrees latitude and longitude (equivalent to 5 km2). 
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Fig. 1  Location of meteorological stations and unit of study. 
 

The time series of the variables precipitations and 

temperatures register from 1981 to 2015 (35-year 

record). 

Second stage: it corresponds to the exploratory 

analysis of the VCRs, including the altitude and 

external indexes that allow knowing the different 

variables for grouping purposes and regional analysis 

of droughts in the Mantaro basin. By means of the 

descriptive statistical analysis, the annual data in each 

cell or grid are evaluated through histograms, box 

diagram and raster maps. Alternatively, at this stage, 

dry or dry areas or regions are appreciated through 

external indices that are a function of rainfall and 

potential evapotranspiration estimated by the 

Hargreaves method. 

Third stage: it consists of preliminary grouping of 

synthetic stations, considered 1,145 initially. The 

purpose of this stage is to reduce the set of discordant 

data, which do not allow efficiently carrying out the 

regionalization stage. The RNA-SOM model is a robust 

technique to carry out this process, which consists of 

grouping the synthetic stations with similar characteristics 

from regional variables such as PMA (Annual Average 

Precipitation), temperatures, elevation, latitude and 

longitude of each cell considered as a synthetic station. 

The final results come to be the prototypes, also known 

as the weights of the connections between the input and 

output neurons. In this way, results have been obtained 

with improvements with respect to the statistical 

discordance and homogeneity of the regional analysis 

corresponding to the next step. 

Fourth stage: Through the technique of L-Moments, 

proposed by Hosking and Wallis [7] and later 

methodologies proposed by Nuñez and Verbist [8], it 

performs the regional analysis of droughts that consist 

of the identification of homogeneous regions, 

identification of the function of probability distribution, 

determination of the quantile and finally the mapping 

of the precipitations for different periods of return. The 

objective of this stage is to describe, at a statistical level, 
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the distribution of precipitation in the Mantaro basin, 

through the raster maps that are elaborated for different 

periods of return. Also, the existence of a semi-arid 

region, that is, region with lower than normal rainfall, 

was corroborated. The latter is assigned as the region of 

analysis. 

Fifth stage: In the analysis region, the SPIMV, 

SPIAG and SPEI indices are estimated for the 1-, 3-, 6-, 

9-, and 12-month time scales in order to identify the 

best indices named representative index with its 

corresponding time scale versus the response of the 

vegetation of the Mantaro basin. The standard drought 

index for this evaluation is the VCI of Kogan and 

Sullivan [9], whose spatial resolution is 1 km × 1 km 

and temporary record from March 2000 to December 

2015. The evaluation statistics are the Pearson 

correlation and the Taylor diagram. The SPIMV 

proposed by McKee [10], is numerical solutions of the 

Gamma probability distribution, while the SPIAG is 

estimated through the GA, based on Darwin’s theory of 

evolution, to calculate the parameters α and β, of the 

Gamma distribution [11]. With a population equal to 

1,000 individuals, 100 cycles of generation, crossing 

and mutation equal to 0.8% and 0.1% respectively, the 

optimal parameters for estimating the SPIs are obtained. 

Finally, the SPEI index of Vicente-Serrano [5, 6], 

includes the Potential Evapotranspiration parameter to 

quantitatively estimate drought rates. 

Sixth stage: In this last stage, the time series of the 

region of analysis and the representative index is 

divided into two groups. The first is 80% of the total 

register (1981-2008) and is used for the construction of 

the predictive model using ANN-NARX and the 

second group, remaining 20% (2009-2015) for model 

validation and hypothesis testing and research. The 

training function is by Levenberg-Marquardt, derived 

in Newton’s method optimization technique and 

sigmoidal tangent transfer function. For the NARX 

model, the input neurons are the external variables 

considered (GCI), after evaluation of the 

cross-correlation between them and the representative 

index considered as the output neuron. The least 

significant coefficients between the GCIs and more 

significant between the representative index are 

evaluated to avoid redundancy of input neurons and 

significant relation respectively. 

The network architecture is established through the 

progressive test-error procedure, evaluating the 

performance in each case. The procedure during the 

construction of the prediction model ends with the 

obtaining of the connection weights between the 

respective layers and neurons, for a significant 

statistical test (Pearson), both in the training, validation 

and test of the model. 

To validate the model, we test the hypothesis, which 

consists of comparing two groups: the simulated 

indexes with ANN-NARX and the indexes obtained 

corresponding to 20% of the registry mentioned above. 

2.1 Optimization Using Genetic Algorithms 

As main sources are taken from Yang, et al. [12] of 

Chapter 6 “Ant Colony Optimization for Estimating 

Parameters of Flood Frequency Distributions” adapted 

for this research from Ant Colonies to Genetic 

Algorithms, and the Standardized Precipitation Index 

package Using Genetic Algorithm Method (SPIGA) 

published by the authors in the CRAN-R repository 

(electronic address https://cran.r-project. 

org/web/packages/SPIGA/index. html). To calculate 

the parameters of the statistical distribution Gamma, 

using the GAs, the objective functions are established: 

 
∑

∑
:  

  

The observed values are the empirical probabilities 

that are evaluated by the Weibull relation, 

1
 

where N is the total of samples. Nash-Sutcliffe 
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Coefficient, also known as Coefficient of Efficiency 

(CE), is taken to determine performance and quality 

over results. 

1
∑

∑
 ; ∞  1 

3. Results 

3.1 Regional Classification Using Self Organizing Map 

For the SOM classification, several types of 

architecture were established, the most suitable being 

the 225 NS network (15 × 15), that is, the classifying 

neurons are in equilibrium, nor very saturated nor zero. 

In all cases the topology has been hexagonal type and 

the Euclidean distance function. In training for all cases, 

they have been developed in 50,000 times or cycles, to 

observe the performance in each case. 

Fig. 2a shows the raster map according to the 

classification neurons of the Mantaro basin, and Fig. 2b 

shows the vector type classification, where 223 

neurons or stations (2 null neurons) are observed. 

Based on the test-error procedure, this classification of 

the topological grid equal to 225 neurons was 

determined and this method (SOM) is finalized with 

the weights of the weights of each input neuron (NE), 

known as regional input variables. 

This first classification allowed: first, the spatial 

reduction of data and second, the control and reduction 

of heterogeneous data, as atypical values, tending, 

among others, that do not allow or alter the use of 

statistical methodologies efficiently. Therefore, the 

analysis stations are distributed in 223 stations within 

the Mantaro basin. 

3.2 Regional Analysis of Frequency 

The total region or super region showed a 

discordance Di from 0.018 to 5.578 and H1 equal to 

6.148, being identified as a highly heterogeneous 

region. For the regionalization, several tests have been 

performed, depending on the number of regions and 

weights of the characteristics of the regional climatic 

variables. Initially it was tested with 12 regions; 

however, in some regions only 6 stations were 

classified and according to Hosking and Wallis [7], 

recommended minimum 7 to have a good estimate in 

the discordance of the stations. Considering a 40% 

weight to the Annual Average Precipitation (PMA), a 

region with 6 groups (stations 64, 206, 207, 220, 221 

and 222) is always classified as being approximately 

1,400 mm along the latitude 12.5 south, thus, it is 

necessary to reduce the number of regions to 10, 

obtaining the number of suitable stations per region and 

the tests of homogeneity within what is allowed 

according to Hosking and Wallis [7]. 
 

 
Fig. 2  SOM, regional classification according to the number of neurons. 
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Table 1  Main characteristics L-Regional Moments of homogeneous regions. 

L-M Reg 1 Reg 2 Reg 3 Reg 4 Reg 5 Reg 6 Reg 7 Reg 8 Reg 9 Reg 10 

No Est. 11 46 14 25 28 18 14 21 15 17 

l1 790.16 676.976 1,010.29 745.922 728.97 608.723 1,280.66 896.04 735.19 697.1 

τ1 0.117 0.113 0.134 0.125 0.109 0.13 0.134 0.138 0.149 0.112 

τ3 -0.016 -0.054 -0.023 0.035 -0.038 0.016 -0.099 -0.009 -0.038 -0.011 

τ4 0.154 0.133 0.114 0.116 0.078 0.078 0.109 0.107 0.06 0.129 

τ5 -0.028 -0.027 -0.03 0.013 -0.025 -0.003 -0.033 -0.006 0.028 -0.024 
 

Table 2  Statisticians H to assess the homogeneity of each region. 

Estadistico Reg 1 Reg 2 Reg 3 Reg 4 Reg 5 Reg 6 Reg 7 Reg 8 Reg 9 Reg 10 

H1 0.868 -2.424 -0.416 1.798 -2.117 -2.548 -3.268 2.332 0.24 -0.386 

H2 -1.753 -5.472 -2.542 -3.811 -4.146 -3.202 -1.867 -0.81 -1.245 -0.451 

H3 -1.736 -5.002 -2.941 -3.43 -4.153 -4.476 -2.862 -0.729 -1.671 -1.094 
 

Once grouped and approved by the discordance test 

(less than 3 in all cases), the homogeneity test of each 

region is determined. In Tables 1 and 2, the L-Moment 

and H1, H2 and H3 statistics respectively for each 

region are shown, the H1 statistic being the most 

rigorous for the evaluation of homogeneity. The 

variation of H1 is from -3.268 to 2.332 corresponding 

to the minimum and maximum that occur in regions 7 

and 8 respectively. All regions have H1 values lower 

than 3, therefore homogenous regions are considered 

according to Hosking and Wallis [7]. 

Figs. 3a-3d show the annual rainfall distribution for 

the return periods 5, 10, 50 and 100 years, respectively. 

In the southern region considered as a semi-arid region, 

for TR 5 years, 400-600 mm of PMA is distributed, for 

10 years, 400-500 mm of PMA, for 50 years, 300-400 

mm of PMA and 100 years between 200 and 300 mm 

PMA. 

The Mantaro basin for recurrence periods of 5 years, 

annual rainfall less than 700 mm will be obtained, 

except for regions 3 and 7 and for periods of recurrence 

of 100 years, rainfall has to be evenly distributed with 

precipitation less than 400 mm, except for regions 3 

and 7. The region most affected corresponds to the 

region 6 south of the studied basin. 

3.3 Statistical Analysis of Precipitation 

The region 6, considered as a semi-arid region, is 

located in the plains of the department of 

Ayacucho-Peru, southern area of the Mantaro basin. To 

calculate the SPIs, it is necessary to evaluate the fit of 

the distributions. McKee, et al. [10] recommend using 

the Gamma distribution. It is also possible to obtain the 

SPIs from the Normal distribution, equivalent to the 

standardization of the series. Therefore, the statistical 

evaluation of the monthly series is carried out 

corresponding to the calculation of the SPIs. 

The distribution fitting, is through the graph of 

Cullen and Frey (fitdistrplus package), which consists 

of the evaluation of 8 probability distributions: normal, 

uniform, exponential, logistic, beta, lognormal, gamma 

and Weibull. Fig. 4, shows the graphs of Cullen and 

Frey for the month of January and shows that the series 

leans towards the distributions Normal and Gamma. 

This procedure contributes in the first instance to the 

selection of probability distributions. 

Table 3 shows three statistical (p-value), Smirnov 

Kolmogorov (s-k), Chi square (x-c) and Anderson 

Darling (a-d), considered the test for goodness of fit, 

which allowed evaluating the Normal and Gamma 

distributions. The s-k statistic associated with the 

Gamma distribution for the months of January, March, 

May, September, October and December, and the 

Normal distribution associated with the months of 

February, April, June, July, August and November. 

It is statistical x-c, the Gamma function: January, 

February, March, May, October, December and the rest 

of the months associated with the Normal distribution.  
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Fig. 3  Periods of return and PMA maps. 
 

 
Fig. 4  Graph of Cullen and Frey month of January. 
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Table 3  Statistics for the Normal and Gamma distributions: Analysis region. 

Estadisticos Ene. Feb. Mar. Abr. May Jun. Jul. Ago. Set. Oct. Nov. Dic. 

s-k (Normal) 0.07 0.13 0.10 0.12 0.06 0.17 0.21 0.18 0.11 0.11 0.17 0.12 

x-c (Normal) 1.68 6.09 4.08 3.99 1.53 12.95 20.67 14.22 5.73 13.65 10.03 7.80 

a-d (Normal) 0.13 0.48 0.35 0.45 0.19 1.74 1.46 1.30 0.40 0.31 0.84 0.41 

s-k (Garmma) 0.08 0.11 0.10 0.11 0.12 0.10 0.12 0.10 0.11 0.12 0.12 0.16 

x-c (Garmma) 3.20 7.39 5.67 2.95 3.09 2.29 8.05 6.17 3.95 18.58 8.21 13.56 

a-d (Garmma) 0.30 0.45 0.72 0.30 0.41 0.32 0.46 0.25 0.38 0.74 0.39 1.27 
 

Finally, the a-d statistic, fits to the Gamma function in 

the months January, March, May, October, November 

and December. 

The results indicate that half of the months are 

associated to each distribution (Gamma and Normal). 

Therefore, to carry out calculations of SPIs, 

uniformized distribution is used given by McKee, et al. 

[10], that is, the distribution Gamma. 

3.4 Assessment of the Scale and Indices of Drought 

The temporal scale corresponding to the vegetation 

response within the Mantaro basin and the adequate 

quantitative indicator (index) were evaluated to 

characterize the droughts within the study basin. 

With respect to the time scale, the World 

Meteorological Organization [13] mentions that “one 

may want to look at a 1- or 2-month SPI for 

meteorological drought, anywhere from 1-month to 

6-month SPI for agricultural drought, and something 

like 6-month up to 24-month SPI or more for 

hydrological drought analyses and applications”. 

To identify the appropriate index, Vicente, et al. [6] 

evaluated different drought indices for the 

quantification of flow, soil moisture and vegetative 

growth. The indexes were the SPI, SPEI and PDSI and 

mention: “that the highest correlation occurs between 

70-90% of cases with the SPI and SPEI depending on 

the variable and season of the year, while the indexes 

PDSI represent less than 15%”. They also state that 

there are small differences between the SPI and the 

SPEI. Thus, in the present investigation, the 

comparison of the indexes SPI with numerical 

methodologies and artificial intelligence (genetic 

algorithms), SPEI of Vicente Serrano and the indices 

VCIs, have been made as comparison patterns. 

3.4.1 Vegetation Condition Index 

The index VCI, derived from the values of NDVI is 

distributed in the product MODIS 13A3 of the terra 

satellite. They are available from February 2000 to the 

present. The data correspond to monthly series with a 

resolution of 1 km2. Due to short data length, this index 

is taken only as a pattern to identify the best correlation 

between the indices described above. Therefore, the 

selecting index is chosen to characterize droughts 

based on the response of vegetation in the study area, 

that is, to analyze agricultural droughts. 

Fig. 5 allows identifying in an efficient way the 

classification of the droughts and their corresponding 

areas within the period of analysis. Taking into account 

the areas that have been affected within the Mantaro 

basin and according to the drought classification, 

during the period 2000-2015 intermittent extreme 

droughts were observed, being the critical period 

between 2005 and 2006, whose involved areas have 

been greater than 20,000 km2 which represents more 

than 50% of the study area. 

Severe droughts have affected up to 7,500 km2 

approximately and the greatest recurrence has been 

between 2005 and 2010, with a tendency to decrease in 

recent years. Moderate droughts have the same 

behavior as severe droughts. Mild droughts have been 

almost uniform throughout the period of analysis. 

Regarding the humidity, there is a growth between 

2010 and 2015, distributing up to 15,000 km2 

maximum throughout the basin. The highest average, 

with respect to the areas of the basin, corresponds to 

moderate humidity, with an average of 5,000 km2 

approximately. 
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Fig. 5  Identification of the agricultural drought using the VCI index Mantaro basin. 
 

3.4.2 Standardized Precipitation Index 

According to the proposed methodology, SPIs were 

estimated using two methodologies, the first 

corresponding to the numerical technique called 

Maximum Likelihood (SPIMV) and the second using 

the technique of Genetic Algorithms (SPIAG). The 

latter consisted of optimizing the parameters α and β of 

the Gamma distribution. To determine the SPIMV and 

SPIAG, the SPIGA package has been used, the same 

one that is written in R language and deposited in the 

CRAN repository. Fig. 6 shows the development of the 

performance of the Genetic Algorithm for a population 

equal to 1,000 and number of generations equal to 500 

for the month January. In all cases, it is observed that 

the process becomes stable from generation 20, which 

indicates, obtaining good results (optimal parameters) 

from this cycle. 

The computational effort is greater and highly 

significant for populations over 1,000 and the results of 

the parameters show to be very close or equal for 

population over 100. The run time for a population of 

1,000 and 100 generations, leads to 15 minutes of 
 

 
Fig. 6  Performance genetic algorithms population = 1,000 
and generation = 100. 
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Table 4  Values of statistical parameters Gamma function by AG and MV, scale 6. 

Param. Ene Feb Mar Abr May Jun Jul Ago Set Oct Nov Dic 

αAG 15.84 26.68 33.78 24.91 22.36 23.74 21.43 14.11 7.08 9.14 8.02 11.31 

αMV 14.98 17.93 20.74 18.00 18.52 21.81 22.37 17.61 10.59 9.81 10.64 11.67 

βAG 23.53 18.12 17.07 22.84 23.49 18.59 15.61 15.87 19.23 15.56 22.97 23.87 

βMV 24.35 26.28 26.86 30.53 27.52 19.66 14.67 12.37 12.47 14.22 16.98 22.71 

CEAG 0.995 0.988 0.988 0.979 0.969 0.968 0.99 0.997 0.981 0.971 0.982 0.992 

CEMV 0.986 0.962 0.972 0.959 0.946 0.95 0.986 0.995 0.963 0.955 0.969 0.989 
 

processing for three stations, equivalent to five minutes 

for a station and computing feature, Core (TM) i7 2.4 

GHz processor and 12.0 GB RAM. 

Table 4 shows the results of the statistical parameters 

and the coefficient of efficiency (EC) for SPIMV and 

SPIAG of 6 months’ time scale. There is a monthly 

average of EC equal to 0.983 and 0.969 for SPIAG and 

SPIMV respectively, SPIAG being slightly higher than 

SPIMV. From the proposed methodology, with the 

optimal parameters obtained, authors obtain the SPIAG 

for different scales, which later allowed analyzing by 

means of correlations and Taylor diagrams the 

selection of the best drought indices and adequate time 

scale according to the response of the vegetation in the 

study region. 

Fig. 7 represents the SPIAG of scale 6 months.  

Within the period of analysis (1981-2015), drought 

events were observed in the years 1989-1993 (extreme), 

1995-1998, 2004, 2005, 2008, 2010 and the beginning 

of 2015. 

3.4.2 Standardized Precipitation Evapotranspiration 

Index 

The SPEI package of Santiago Beguería and 

Vicente Serrano, is in the CRAN-R repository. Like 

the SPIs, they were calculated for different time scales. 

PET (Potential Evapotranspiration) has been 

calculated using the Hargreaves method, with input 

parameters, minimum and maximum monthly 

temperatures, and monthly precipitations were 

provided by PISCO-SENAMHI in Georeferenced 

Tagged Image File Format (GeoTIFF) and resolution 

5 km2 of resolution. 

Fig. 8 shows that SPEIs are more conservative than 

SPIs, however, they indicate the same seasons or 

drought events in the analysis period. Moist periods of 

longer duration are also seen from 2011 to the end of 

2014 and the presence of wet periods of intermittent 

duration. 

3.5 Correlation and Estimation of the Best Drought 

Index 

The variables that correlate correspond to the 

indexes SPIMV, SPIAG and SPEI, with their 

respective time scales of 1, 3, 6, 9 and 12 months, 

making a total of 15 indexes. The Taylor diagram is a 

rigorous verification of the correlation process 

described above.  

Fig. 9 shows 15 variables (indexes), to validate each 

of them through the statistics, correlation, standard 

deviation and the MSE. It can be seen that the SPEI6 

has a better correlation than the other indices.  
 

 
Fig. 7  SPI Genetic Algorithms, 6 months scale. 
 

 
Fig. 8  SPEI 6 months scale. 
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Fig. 9  Taylor’s diagram SPIMV, SPIAG and VCI for 
different scales. 
 

According to the Taylor graph, the SPIs obtained by 

Maximum Likelihood and Genetic Algorithms are 

similar (they have relatively low mean square 

correlations and errors compared to the VCI index), on 

the other hand, SPEIs 3, 6, 9 and 12 correlate very well, 

but with relatively higher mean square errors. 

Therefore, the appropriate index and the one that best 

responds to the standard index is the SPEI scale 6 

months. This result corroborates the description of 

Word Meteorology Organization [13]. 

3.6 Drought Prediction in the Analysis Region 

In order to apply the NARX model, it is necessary 

the presence of external variables considered as the 

input data, the same ones that have been assigned to the 

GCIs, however, not all contribute to this process. The 

selection of these variables is done through a 

correlation process with each other and the SPEIs of 

the analysis region, considering the lowest possible 

correlation between each GCI and higher correlation 

between SPEIs, the first to avoid redundancy in the 

model and the second to obtain greater significance 

between the input and output data. 

Authors consider 3 input neurons called MEI, PDO 

and NIÑO 1+2 respectively and 1 output neuron 

corresponding to the SPEIs of the analysis region. The 

number of neurons in the hidden layers known as 

Hiden Layer, is determined by the progressive-test 

procedure as recommended by Refs. [14-17], among 

others. In order to establish the architecture of the 

model, 50 initial simulations have been carried out, 

determining the performance of each model (values 

close to zero are adequate). The architectures analyzed 

are: 3-1, 6-1, 12-1, 24-1, 10-5-1, 20-10-1, 5-3-2-1, 

10-5-2-1, and 15-10-5-1, 20-10-5-1 and 35-20-10-1, 

where the extreme number is the output neuron (1) and 

the rest are the neurons in the hidden layers. Up to 3 

hidden layers have been considered. 

The training is carried out until the appropriate 

regression coefficients are obtained. By default, 

training stops after six consecutive increments in 

validation error and the best performance is taken from 

the time or cycle with the minimum validation error. 

This procedure was applied in large cycles, until 

adequate validation was obtained with the data of the 

second group. Fig. 10 shows four correlations: training 

(70% of the register), validation (15% of the register), 

test (15% of the register) and the total model (100% of 

the register). The total model presents 0.913 of 

correlation, indicating us significance of the proposed 

model. 
 

 
Fig. 10  Regression analysis for training, validation, testing 
and the whole series, architecture 5-3-1-1. 
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Fig. 11  Time series between simulated and expected values, architecture 5-3-1-1. 
 

Fig. 11 shows the prediction of the SPEIs and the 

expected results. The statistical MSE (Mean Square 

Error) indicates 0.626, being this value the minimum 

during 5,000 cycles and tests with different 

architectures. 

Therefore, the ANN-NARX architecture model 

5-3-1-1 presents an MSE performance of 0.626 for the 

prediction of the SPEIs with the external variables 

MEI, PDO and NIÑO1 + 2. For the test of hypothesis 

two groups to compare, the calculated SPEIs and the 

SPEIs simulated by the model of the RNAs are 

presented. 

Prior to this procedure, the difference of these two 

groups must admit a certain degree of normality for 

statistical efficiency. Obtaining the p-value equal to 

0.104 (greater than 0.05), that is, the null hypothesis is 

accepted: “The ANN-NARX model allows the 

prediction of agricultural drought, using monthly 

precipitations by remote sensing and global climate 

indices as External inputs in the Mantaro Basin”. 

4. Conclusions 

Applying the inferential statistics, the measure of the 

evidence (p-value) that contributes the result in the 

ANN-NARX model is 0.104, proving to be greater than 

the confidence level equal to 0.05. Therefore, the 

ANN-NARX model is accepted for the prediction of 

agricultural drought, using monthly precipitations by 

remote sensing and global climate indices as external 

inputs, in the Mantaro basin. 

The most representative drought index in terms of 

vegetation growth and development within the 

Mantaro basin is the 6-month SPEI, which has a 

correlation coefficient of 0.58 and represents a 

moderate positive correlation. The relationship 

between SPIAG and SPIMV indices has been shown to 

be similar. The monthly average of the Nash 

coefficient for the SPIAG and SPIMV indices is 0.983 

and 0.969 respectively. The difference between the 

results between these two techniques, numerical 

(Maximum Likelihood) and artificial intelligence 

(Genetic Algorithms), is light (0.014). 

By means of the L-Moments technique, the 

recurrence periods of 5 years have been identified, 

where annual precipitations less than 700 mm are 

obtained, except for regions 3 and 7 and for recurrence 

periods of 100 years, rainfall has to be distributed with 

uniform form with rainfall less than 400 mm, except 

regions 3 and 7. The region most affected corresponds 

to the region 6 south of the studied basin. 
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