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Abstract

Abstract The planning and efficient use of hydrological resources is a fundamental

problem in the semidesert regions of Mexico. Of the hydrological regions, the San

Juan River basin, located in northeastern Mexico between the states of Coahuila,

Nuevo León and Tamaulipas, is of great importance for the region’s productive

and agricultural activities. This work analyses 79 rainfall station records for the

period between 1998 and 2018. A kriging-Hurst spatial interpolation model,

which generates rainfall maps that allow the identification of areas where rainfall

can best be utilized, is presented. In the analysis, the rainfall maps obtained from

the spatial interpolation using the ordinary kriging technique were compared with

maps generated using the kriging technique combined with the Hurst exponent.

As a result of the research, evidence of a strong correlation was found between

anti-persistent rainfall patterns and large average annual rainfall averages.

Keywords: Ordinary Kriging; Exponente de Hurst; variograma; Mapa de lluvia;

Ŕıo San Juan Basin

Introduction

Having an extensive water record that can be used to study rainfall patterns is an

essential basic requirement for carrying out reliable studies related to the analysis

of issues of interest to a population and for decision-making activities, benefitting

various fields such as hydrology, climatology and agriculture, among others. A water

record should have the highest possible degree of accuracy to increase the reliabil-

ity of decision-making based on the use of hydrological resources within a specific

region. Water resource management is a challenge because factors specific to each

region must be considered, such as the complexity of the orography, along with the

accessibility, reliability and representativeness of the data [1, 2, 3]. These variables

make each region a unique case, thus justifying the development of models and

methodologies that allow understanding of the correlation between various hydro-

logical variables and their spatiotemporal evolution in the medium and long terms.

Hence, it is important to generate reliable rainfall maps for a specific geographical

area[4]. In the case study presented in this work, for the estimation of rainfall maps,

a region that includes the San Juan River basin, located in the northeast of Mexico

in the area between the states of Coahuila, Nuevo León and Tamaulipas, is con-

sidered. This semidesert region is of particular importance for the cities it serves.
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The lack of a additional monitoring stations to support reliable rainfall estimates

represents an important challenge that must be addressed.

Several geostatistical and interpolation methods for estimating rainfall are avail-

able [2, 5, 6, 7]. Among them, the kriging method stands out because of its high de-

gree of reliability [8, 9, 10]. By using information available in open access databases,

this research aims to generate an interpolation model that provides a high-resolution

estimation of rainfall in the San Juan River basin in the state of Nuevo León. The

methodology used combines the ordinary kriging method with three different vari-

ogram models for the treatment of historical rainfall data along with an analysis of

the Hurst exponent.

San Juan River Basin

The San Juan River Basin (SJRB) lies within the Rio Bravo Basin, also called the

Rio Grande Basin (RGB). The SJRB is mostly situated in the north-central part of

the State of Nuevo León [11, 12], although a portion of the basin extends into the

states of Coahuila and Tamaulipas. The SJRB is part of the Bravo-Conchos hydro-

logical region, a name derived from the Bravo and Conchos rivers, and is identified

as RH-24, which in turn corresponds to the Bravo-San Juan subregion, identified

by 24B and covering an approximate surface of 33,000 km2, falling between co-

ordinates 25°15’ and 26°45’ latitude north and 99°15’ and 101°45’ longitude west

[13]. The study area is of great importance because it is part of the RGB and is

strategic due to its geopolitical relationship with the United States of America and

its proximity to the city of Monterrey and its metropolitan area; in addition, it is

an indispensable source for the supply of water in the region. Due to its strategic

location, the SJRB is a hydrological region with spatiotemporal water properties

that must be continuously monitored and studied.

Kriging method

Of the available geostatistical interpolation methods, the kriging method is consid-

ered the most commonly used prediction technique for the spatial interpolation of

various geospatial random fields. This reputation arose because the kriging method

provides unbiased estimates with minimum variance, thus providing the best pos-

sible linear predictions when the integrated implementation process is carried out

appropriately [14]. There are different modalities or types of the kriging method,

including ordinary kriging (OK), universal kriging, indicator kriging, cokriging and

simple kriging, among others. Of these modalities, the OK is the most common and

widely used [15, 16] and is also one of the main elements of this work. Some studies

prefer OK over similar kriging approaches, specifically for its accuracy and ease of

implementation [17, 18, 19]. However, it is clear that preference for one or another

kriging variant method depends on the possible results that one hopes to obtain

from a given case study; after all, selection of the appropriate kriging method must

take into account the characteristics of the data and the type of spatial-temporal

model required [20].

The main characteristic of OK is that it represents the best unbiased linear pre-

dictor, with a constant random scalar field mean. The kriging method estimates

the value of the random field at a point using the information of actual data sur-

rounding that point. It is assumed that the actual data are derived from a random
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field with a known covariance function (the so-called theoretical semivariogram).

The optimality principle underlying the kriging method minimizes the variance in

the difference between the estimated value of the random field at a point and its

theoretical value given by the semivariogram. OK also includes the hypothesis of

homoscedasticity [20], which implies that the variance in different realizations of

the random field is constant [21]. The OK method is based on the spatial autocor-

relation of the random field, using the variogram, which provides the variability of

the random field for different points and its dependence as a function of distance

and direction, and neighborhoods, both obtained from an exploratory analysis. The

strength of OK is that it allows the estimation of values of random fields in places

that have not yet been sampled from the sample data; that is, its objective is to

generate continuous surfaces from discrete points [22].

The OK method has been widely applied in studies of rainfall in various regions of

the world. For example, in a comparative study of geostatistical and deterministic

methods for the interpolation of daily and monthly rainfall in Iran, OK was found

to be the best method [23, 24]. The OK method has also been demonstrated to

be the best interpolation method in the prediction of daily rainfall in a Florida

study that compared and evaluated interpolated and gridded rainfall data; in that

study, the OK method was comparable to the inverse distance weighting (IDW)

deterministic method [25]. The OK method was suggested as the best approach

for rainfall interpolation in a study conducted in Turkey, where OK was compared

with the inverse square distance (ISD) method and the linear regression method

[26]. Similarly, a comparative study between geostatistical methods for the spatial

interpolation of rainfall in month-year periods in the Hawaiian Islands highlights the

advantage of OK over other spatial interpolation criteria [27]. Finally, another study

compared different methods, including methods belonging to the kriging family to

predict rainfall under different densities at various stations, and when comparing

the root mean square error (RMSE), OK combined with the IDW method was

selected as the most appropriate procedure [28].

The Hurst exponent

The Hurst exponent is a “nonlinear dependency index” or “long-range dependency

index”. In this work, the Hurst exponent is used as a measure of the long-term

memory in the rainfall time series of each analyzed station. An analysis of the

autocorrelations of each time series is carried out as the delay parameter increases

[29]. The Hurst exponent quantifies the tendency of a time series to strongly return

to the mean or to cluster in one direction [30]. The use of this index in the present

work aims to strengthen the spatiotemporal study of the rainfall data analyzed.

Methodology

Briefly, the research methodology can be described by the stages shown in Fig.1,

where in the geostatistical analysis, an exploratory and spatial dependence study is

first carried out, and then the data are modeled. To find the best-fit parameters for

the variograms, this process can be repeated until the optimal parameters are found.

Finally, the interpolation maps are made using OK, and the results are analyzed.
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Data source

The data of this study were taken from the Climate Computing project (CLICOM)

platform managed by the National Meteorological Service of Mexico [31]. The raw

dataset [Additional File 1] contains the names of 87 pluviometric stations with their

Universal Transverse Mercator (UTM) Cartesian geolocation coordinates, height in

meters above sea level (masl) and the average annual rainfall in millimeters (mm)

during the period from 1998 to 2018.

Data preprocessing

The 87 stations were selected because they have more than 80% monthly rainfall

data and are within the study region in zone 14R of the UTM coordinates (24°00’

and 31°60’ latitude north and 96°00’ and 101°60’ longitude west).

The monthly series of each of the stations selected in this study were identified,

and the outliers with values outside the mean ±3σ were eliminated. Then, the

Paulhus and Kohler method of interpolation was used to perform the imputation

of the monthly rainfall using averages of nearby stations and normalized by the

mean of the rainfall. Finally, the data were homogenized using the standard normal

homogeneity test (SNHT) method. After these steps, only 77 stations were used,

which were those that had 80% of the original data. All these steps were carried

out with the aid of the climatol package [32] of the R software.

Once the data were homogenized, the value of the Hurst exponent was calculated

for each station using the pracma [33] package of R. The corrected Hurst experi-

mental value was used because it showed greater proximity to the known theoretical

value of H = 0.5 for a normal standard distribution. In addition, the annual average

rainfall for each station was calculated. To use kriging spatial interpolation, the dis-

tribution of the data must be as symmetrical as possible; therefore, the value of the

skewness coefficient was calculated for the distribution of the average annual rainfall

and its corresponding Hurst exponent, and the natural logarithm transformation

was also applied. The asymmetry coefficient measures the degree of asymmetry of

the distribution with respect to the mean, ideally being close to 0. These calculations

are obtained using the SciPy package [34] of the Python language.

Spatial autocorrelation

As a first approach to evaluating the pattern and trend of the data, being geo-

graphically linked, the dependence or spatial autocorrelation of the stations was

measured from the statistical Moran’s I [35] and Geary’s C values [36]. To calcu-

late these values, the study area was divided into regions according to a Voronoi

diagram to determine the spatial weighting, calculated for average annual rainfall

values, and the corresponding Hurst exponent of each station. The previous cal-

culation used the Python packages SciPy and PySAL [37]. Another method that

measures spatial autocorrelation is the variogram, which is a tool that allows for

analysis of the spatial behavior of a variable over a defined area, obtaining as a

result an experimental variogram that reflects the maximum correlation distance.

Before generating the variogram, whether the rainfall and the Hurst exponent have

preferential directional components in the study region must be established. Then,

to identify the anisotropy in the area and determine its direction, the gstat package



Arriaga Garza et al. Page 5 of 12

[38] of R can be used. Once the direction of the scalar field in the study region

is obtained, the next step is the analysis of the spatial variability of each scalar

random field (the amount of rainfall and the Hurst exponent). For this step, the

spatial correlation of each random field was evaluated by means of an experimental

variogram, which reflected the maximum distance of influence between arbitrary

pairs of points. Then, three types of theoretical variograms were used (exponen-

tial, Gaussian and spherical) to fit the experimental variogram. The estimation of

the optimal fit parameters was performed by the Levenberg–Marquardt algorithm

(damped least squares method) using the SciKit-Gstat package [39] of Python. This

work proposes a new index called the range-error rate (RER) as a selection criterion

for selecting the best theoretical variogram for fitting to the experimental data.

Generation of maps with OK

OK was used with the parameters obtained from the theoretical variograms for the

rainfall and the Hurst exponent values. Lastly, OK interpolation was applied to

generate maps of the study region for each random field, and a cross-validation of

each variogram was carried out to evaluate the results of each interpolation. In this

step, the gstat() library of R was used.

Results

The study region (Fig. 2) comprises a large part of northeastern Mexico, partially

covering the states of Coahuila and Tamaulipas and totally covering the state of

Nuevo León (23°08’ and 27°48’ latitude north and 98°25’ and 101°54’ longitude

west). This region is characterized by a mostly dry and desert climate, with humid

zones in the center and mountainous regions in the southwest. In the geographi-

cal region of Fig. 2b, the average annual rainfall values are represented as colored

points, and their magnitudes in mm of rainfall are indicated in the bar with a color

gradient. A similar graph for the Hurst exponent for each rainfall station is shown

in Fig. 2c. The mean rainfall is 568.64 mm with a standard deviation of 210.33

mm, and the corresponding Hurst exponent values have a mean of 0.54 with a

standard deviation of 0.11. The asymmetry coefficient of the rainfall data is 0.33

(a value of -0.92 in the logarithmic scale, see Fig. 3). The asymmetry coefficient for

the corresponding Hurst exponent values is -0.066 (-1.03 in the logarithmic scale).

The original data were used without any transformation since the values of the

asymmetry coefficient of the original data are closer to 0. Using the Voronoi dia-

gram of the pluviometric stations and applying the spatial autocorrelation metrics,

a Moran’s I coefficient of 0.54 was obtained and Geary’s C coefficient was 0.42 for

average annual rainfall. For the Hurst exponent, the Moran’s I coefficient was 0.31,

and Geary’s C coefficient was 0.66. Applying a variographic map to the study area,

azimuthal directionality of 130° E was observed in both variables. The experimental

variograms were then calculated using the azimuth angle with a tolerance of 40°,

and a maximum distance at which a correlation exists between the observations of

150 km divided by 20 lags was determined for the average annual rainfall and a

maximum distance of 100 km divided by 15 lags for the values of the Hurst expo-

nent. To estimate the fit parameters, shown in Table 1, the Levenberg-Marquardt

algorithm was used to determine the theoretical variograms for rainfall and the
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Hurst exponent. Fig. 4 shows the fit graphs of the experimental variograms for the

two random fields analyzed (rainfall data and Hurst exponent). To evaluate the

best fit to the variogram, the RER index was applied, where the minimum ratio

between the percentage of error and the effective range allows the best theoretical

variogram to be selected.

RER =
%Error

%Range
, (1)

According to the value of the RER index, the best variogram is that which si-

multaneously minimizes the error and maximizes the range. The RER index for

each type of theoretical variogram (exponential, Gaussian, spherical) is shown in

the Table 2. The best theoretical models for performing the OK interpolation were

the exponential and spherical models. The spatial interpolation maps show similar

intensity patterns when the exponential and spherical fits are contrasted for each

random field (see Fig. 5). The comparative analysis between the two fits for the

two random fields indicated that the mean square prediction error (MSPE) and the

coefficient of determination (R2) did not present significant differences (3). These

results suggest that the data fit well with both models. In the continuous repre-

sentation of the average annual rainfall (Fig. 5a), areas of maximum (center and

southeast) and minimum (south, west and northeast) intensity are observed in the

study region. In contrast, in the map of the Hurst exponent (Fig. 5b), the areas

in red indicate greater persistence in the levels of rainfall throughout the period

analyzed, while the areas in yellow highlight anti-persistent behavior in the rainfall

data. The combination of these results provides valuable and novel information,

allowing us to identify areas with a correlation of persistence or anti-persistence

combined with low or high levels of rainfall. In the region, arid zones are identified

(persistence at low levels of annual rainfall) along with areas where rain is infrequent

but is recorded in large quantities (anti-persistence with high levels of rainfall), ar-

eas where rain is infrequent and in small quantities (anti-persistence with low levels

of rainfall), and a few wet areas (persistence at high levels of rainfall). These com-

parisons provide a better quantitative understanding of the spatiotemporal patterns

of rainfall predominating in this region.

Discussion and conclusion

The application of OK in combination with the Hurst exponent provides valuable

information regarding the spatiotemporal characteristics of rainfall in a specific re-

gion. The OK method is the most commonly used spatial interpolation tool for rain-

fall data and has demonstrated its effectiveness when compared with other methods

[5, 6, 7, 8, 9]. Additionally, the Hurst exponent has been used to characterize the

persistence or anti-persistence of time series [29, 30]. In this work, the joint applica-

tion of both methods was used, yielding interpolations that allow the identification

of spatiotemporal patterns of rainfall. The findings show that the areas that record

anti-persistence and a large amount of rain, according to the orography, are located

mainly in the foothills of the Eastern Sierra Madre (SME). Another characteristic
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of this area is the anti-persistence anisotropy (spatial directionality at 130° E), in-

dicated as a yellow band in the central part of the region and coinciding with the

abundant vegetation of the SME. This finding implies that in this belt, it rains only

a few days a year but abundantly, so these areas are ideal for water collection, which

justifies the location of the La Boca and Cerro Prieto dams. In contrast, there are

areas with a predominantly arid climate in the southwestern part of the region at

an altitude of 1600 masl. The proposed model is able to identify humid geographi-

cal areas with excellent conditions for agriculture and livestock. In contrast, areas

with less historical rainfall tend to have a persistent Hurst exponent, making the

rainy seasons long but with little rain. The results obtained can be used to establish

hydrological projects beneficial for the region, such as the construction of dams, the

creation of lakes, and flood prevention plans. They can also help in decision-making

related to urban growth issues, flood control, the creation of artificial lakes in ar-

eas with anti-persistent rainfall or the construction of dams to collect and more

efficiently make use of rainfall conditions in the region studied and, in general, to

improve agricultural and housing conditions in the northeastern region of Mexico.

In a future extension of this work, orographic, hydrographic and ecological vari-

ables can be correlated to improve the interpretation of the results. With this ad-

vancement, it is expected that better inferences can be made in the management

of natural resources, planning of new settlements and improvements to agricultural

activities. In a more general extension of this work, the methodological strategy

presented here can be implemented in the search for spatiotemporal patterns of

seismic data, mining and oil deposits, among others.
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• Problem statement: Jesús Arriaga y Francisco Almaguer.

• Article writing: Jesús Arriaga y Aldo Marin.
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1. Campozano, L., Célleri, R., Trachte, K., Bendix, J., Samaniego, E.: Rainfall and cloud dynamics in the andes: A

southern ecuador case study. Advances in Meteorology 2016, 15 (2016)
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Figures

Figure 1 Stages of the procedure described in the article. First, with the preprocessed data, the
spatial geostatistical analysis of dependencies and the exploratory analysis are performed, then,
the variogram that best fits the experimental data is defined, and with this, the spatial Kriging
prediction is performed.

Figure 2 Study area and rainfall stations. Figure 2a (left) shows the location of the study area in
Mexico. Figure 2b (center) shows the location of puvliometric stations with annual average
rainfall values. Figure 2c (right) shows the location of the stations with Hurst exponent values.

Figure 3 Distribution of puvliometric stations. Figure 2a (top) shows the distribution of the
annual average rainfall values (left) and the distribution transformed by natural logarithm (right).
Figure 2b (bottom) shows the distribution of Hurst exponent values (left) and the distribution
transformed by natural logarithm (right).

Figure 4 Variograms with optimal coefficients. Figure 4a (top) shows the experimental variogram
of average annual rainfall values fitted to the exponential, Gaussian and spherical variograms (in
that order). Figure 4b (bottom) shows the experimental variogram of Hurst exponent values fitted
to the exponential, Gaussian and spherical variograms (in that order).

Figure 5 OK of both values. Figure 5a (top) shows the OK of annual average rainfall values fitted
to the exponential and spherical variograms (in that order). Figure 5b (bottom) shows the OK of
Hurst exponent values fitted to the exponential and spherical variograms (in that order)..

Tables

Table 1 The coeficients of the variogram models

Rainfall Data
Semivariogram Nugget Range Sill RMSE
Exponential 0 143523.1 56445.4 10970.7

Gaussian 0 86697.1 51775.3 8907.5

Spherical 0 90601.9 50858.0 9670.3

Hurst Exponent
Semivariogram Nugget Range Sill RMSE
Exponential 0 88550.2 1.36547× 10

−2
2.95811× 10

−3

Gaussian 0 41417.1 1.18438× 10
−2

3.17313× 10
−3

Spherical 0 68942.1 1.28861× 10
−2

3.02681× 10
−3

Table 2 RER for the variogram models

Rainfall Data
Semivariogram Error % Range % RER
Exponential 100 100 1
Gaussian 81.20 60.41 1.34
Spherical 88.15 63.13 1.40

Hurst exponent
Semivariogram Error % Range % RER
Exponential 93.22 100 0.93
Gaussian 100 46.77 2.14
Spherical 95.39 77.86 1.23
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Table 3 Cross-validation of Kriging for the variogram models

Rainfall Data
Semivariogram Mean Error MSPE NMSE R

2 (obs vs pred) R
2 ( obs vs error)

Exponential −6.33 1.93× 10
4

2.98 0.76 −0.18

Spherical −7.80 1.84× 10
4

1.30 0.77 −0.14

Hurst Exponent

Semivariogram Mean Error MSPE NMSE R
2 ( obs vs pred) R

2 ( obs vs error)
Exponential −3.0× 10

−3
1.1× 10

−2
3.87 0.44 −0.36

Spherical −2.45× 10
−3

1.33× 10
−2

2.75 0.31 −0.44

Additional Files

Additional file 1 — Data base

This file contains the information of the database used, it is in comma separated values (.csv) format with

characters Unicode (UTF-8).

Additional file 2 — Supplementary information

This file contains extensive information on the definition and types of variogram and Ordinary Kriging.



Figures

Figure 1

Stages of the procedure described in the article. First, with the preprocessed data, the spatial
geostatistical analysis of dependencies and the exploratory analysis are performed, then, the variogram
that best ts the experimental data is de�ned, and with this, the spatial Kriging prediction is performed.

Figure 2

Study area and rainfall stations. Figure 2a (left) shows the location of the study area in Mexico. Figure 2b
(center) shows the location of puvliometric stations with annual average rainfall values. Figure 2c (right)
shows the location of the stations with Hurst exponent values.



Figure 3

Distribution of puvliometric stations. Figure 2a (top) shows the distribution of the annual average rainfall
values (left) and the distribution transformed by natural logarithm (right). Figure 2b (bottom) shows the
distribution of Hurst exponent values (left) and the distribution transformed by natural logarithm (right).



Figure 4

Variograms with optimal coe�cients. Figure 4a (top) shows the experimental variogram of average
annual rainfall values �tted to the exponential, Gaussian and spherical variograms (in that order). Figure
4b (bottom) shows the experimental variogram of Hurst exponent values �tted to the exponential,
Gaussian and spherical variograms (in that order).



Figure 5

OK of both values. Figure 5a (top) shows the OK of annual average rainfall values tted to the exponential
and spherical variograms (in that order). Figure 5b (bottom) shows the OK of Hurst exponent values �tted
to the exponential and spherical variograms (in that order).
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This is a list of supplementary �les associated with this preprint. Click to download.



AdditionalFile.pdf

points3.pdf

region.pdf

variogramcomponents.pdf

variogramgraph.pdf

variograms.png

https://assets.researchsquare.com/files/rs-1643449/v1/26684e277d86803e37568256.pdf
https://assets.researchsquare.com/files/rs-1643449/v1/e1aaef2f7ec16c8012b7aae1.pdf
https://assets.researchsquare.com/files/rs-1643449/v1/8b40ce69f178c02b6496a336.pdf
https://assets.researchsquare.com/files/rs-1643449/v1/bd8a995d4f7750bc687b57a5.pdf
https://assets.researchsquare.com/files/rs-1643449/v1/946983555ac8f92aff22ec87.pdf
https://assets.researchsquare.com/files/rs-1643449/v1/834199f34437bc0c92a90872.png

