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Abstract— This paper describes an integrated application that
performs a geostatistical analysis of data acquired by an AUV in
monitoring missions to sewage outfalls. This comes as an effort
for automating the procedures of a monitoring campaign from
data acquisition to data processing. This application is based
on the R statistical software and uses the Gstat package for
the geostatistical prediction. R is a console based application
that uses software packages developed by the community. The
application interfaces with R guiding the user through several
steps that perform the geostatistical analysis. It was not our
intention to cover all geostatistical procedures but only the ones
that are needed for the data processing concerned. The major
advantage of this application is that the user does not need to
be familiar with methods and data structures associated with
the base software, allowing the processing and analysis to be
more simple, fast and efficient which is particularly important
for routine monitoring. This software application also enables us
to give a quicker response in case of contamination to near-by
beaches.

I. I NTRODUCTION
Several ocean outfall plume monitoring approaches have
been used to understand the physical, chemical and biological
processes associated with coastal treated sewage discharges,
which are significant sources of contaminants to coastal
ocean ecosystems. Autonomous Underwater Vehicles (AUVs)
already proved to be very appropriate for high-resolution
surveys of small areas such as outfall plumes [1]. Some of
the advantages of these solutions include: easier operation
management, low cost per deployment, good spatial coverage
and capability of feature-based or adaptive sampling. Increasing environmental awareness and more rigorous environmental
standards are pushing for the obtainance of more reliable
model predictions.
The effluent’s dispersion process, although highly dynamic,
tends to a natural variability mode when the plume stops rising
and the intensity of turbulent fluctuations approaches to zero.
It is likely that after this point the pollutant substances are
spatially correlated. Therefore geostatistics seams to be a suitable technique to model the spatial distribution of the outfall
plume, not only because it predicts the value of the variable of
interest at unsampled locations but specially because it gives
the uncertainty associated with the prediction [2][3]. This is
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one of the advantages of geostatistics over traditional methods
for assessing pollution.
A geostatistical analysis involves several steps that can be
implemented using R statistical software [4]. R is a console
based application that uses software packages developed by the
community. In order to automate the geostatistical procedure,
used in processing data acquired by an AUV in a monitoring
mission to a sewage outfall, we develop an integrated application that interfaces with R and guides the user through
the several steps needed [5]. In the next section we present
the application developed describing with detail these steps.
The details about geostatistical methodology can be found in
literature [6][7][8][9][10][11][12]. The Gstat package [13] was
used for the geostatistical prediction namely for computing
variograms, to do variogram cloud diagnostics and modeling,
to perform cross-validation, to do block kriging and mapping.
In the third section we present the most important details
about the development and implementation of the software application. We end this paper presenting the major conclusions
and suggestions for future work.
II. T HE GEOSTATISTICAL APPLICATION
The steps that are performed in a geostatistical analysis of
data obtained by an AUV in the vicinity of the wastewater
discharge are:
∙ Load data
∙ Exploratory data analysis
∙ Trend analysis
∙ Variogram construction
∙ Model adjustment
∙ Cross-validation
∙ Kriging
Each one of these steps is described in the next subsections
and illustrated with the salinity data set obtained in a monitoring campaign to a Portuguese outfall using an AUV. Details
of this campaign can be found in [14].
A. Load data
First the user must load the text file with the dataset. The
file is loaded with success if the data are arranged correctly.

The position coordinates x and y must be in the first two
columns followed by the set of variables available. The names
of the variables must be in the first row (followed by x and y)
and the size of all columns must be equal to guarantee data
consistency.
In this step the user has also to specify if validation is to be
performed. (Details of validation procedure are given below.)
If the user chooses to perform validation, the size of the data
set for validation (in percentage) needs to be specified (25% is
the default percentage). If the user does not want to perform
validation the geostatistical analysis will be done using the full
dataset. Fig. 1 illustrates this first step.
Fig. 2.

Exploratory data analysis screen.

using universal kriging. When a trend of the phenomena under
investigation, expressed as a function of position coordinates,
is already known by the user, it can be specified in the trend
analysis screen of the application. At the end of this step a
plot of the relationship between the variable of interest and the
trend function is displayed. Fig. 3 shows a plot of the relationship between the values of salinity and the corresponding
distances between the position of the measurement and the
middle point of the outfall diffuser.
Fig. 1.

Load data screen of the geostatistical application.

B. Exploratory data analysis
In order to get an elementary knowledge of the data set
an exploratory analysis should be conducted. This analysis
defines how we must study the dataset, what we look for and
how should we interpret it. The goal of the application in this
step is to present an approach that:
∙ maximizes what is learned from the data;
∙ gives a graphical representation of the data;
∙ uncovers the underlying structure;
∙ derives important information about the variables;
∙ detects outliers and anomalies;
∙ tests underlying assumptions.
To achieve this goal a preliminary exploration of the selected variable is done presenting a table with a summary
statistics (minimum, maximum, mean, standard deviation,
variance, skewness and size of dataset). Additionally an histogram with an adjusted normal probability curve and an
overview of the data set are also displayed. In this step the user
can also experiment some typical transformations of the data
(logarithmic, square root and normal score). Fig. 2 illustrates
the exploratory analysis of salinity data obtained at 2 m depth
by the AUV in the vicinity of the outfall discharge.
C. Trend analysis
The purpose of trend analysis is to look for a global trend,
i.e. a pattern in the data. A trend in the data has to be taken
into account when applying the kriging method. If that is
the case only the detrended (residual) data will be kriged

Fig. 3.

Trend analysis screen.

D. Variogram construction
The variogram construction is a crucial step in geostatistical
analysis. The variogram can be interpreted as a measure of
spatial autocorrelation of the variable. It models the process
dependence structure and has great impact on the prediction
of the spatial random process. Spatial autocorrelation is a
statistical relation that defines the variability of a variable
with itself through space. When a variable is distributed in
space, taking values according to its spatial location, it is
known as a regionalized variable. Unlike random variables,
regionalized variables exhibit spatial continuity. Despite that,
the complexity of the underlying process is such that it cannot
be described by any deterministic function. The spatiallycorrelated component of the regionalized variable is modeled
by the variogram.
The estimator of the variogram usually used, known as
Matheron’s method-of-moments (MME) estimator, is defined

as [12][15]:
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where 𝑧(x𝑖 ) is the value of the variable of interest at
location x𝑖 , 𝑁 (h) is the number of pairs of points separated
by a distance and direction h (known as lag), and the quantity
𝛾(h) is known as the semivariance at lag h.
Cressie and Hawkins [16] developed an estimator of the
variogram that should be robust to the presence of outliers
and enhance the variogram spatial continuity, having also the
advantage of not spreading the effect of outliers in computing
the maps. This estimator (CRE) is defined as follows [16]:
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In order to create the variogram the user needs to specify the
cutoff and lag width. (The cutoff is the maximum distance up
to which point pairs should be considered.) Two different estimators can be chosen in the application: Matheron’s method
of moments estimator or Cressie’s robust estimator. When the
”Plot” button of the variogram construction screen is clicked, a
plot of the variogram is displayed. Fig. 4 shows the variogram
of salinity data calculated using the MME estimator with a
cutoff of 120 m and lag width of 2 m.

are usually used when there is a trend in the data values.
The most common transition models are the spherical model,
the exponential model and the Gaussian model. The linear
model increases linearly with the magnitude of h. The choice
between the three transition models usually depends on the
behavior of the variogram near the origin. If the variogram
shows a parabolic behavior near the origin, the Gaussian model
will usually provide the best fit. If the variogram has a linear
behavior near the origin, either the spherical or exponential
model is preferable. When the fitted straight line to the first
few points of the variogram intersects the sill at about one fifth
of the range, an exponential model will usually provide the
best fit. If it intersects the sill at about two thirds of the range,
then a spherical model will likely fit better [8]. When there is
an abundance of empirical data there is the interest of being
able to better characterize the variability of the variogram for
short distances. The behavior of the variogram close to the
origin is related to the continuity and differentiability of the
random field and its local smoothness. The transition model
of Matern is very flexible for characterizing this smoothness
allowing to model random fields that can be non-differentiable
or differentiated an infinite number of times [17][18][19]. The
smoothness of the random field is controlled by the shape
parameter of the model 𝜈. For 𝜈 = 0.5, the Matern model is
the exponential model and the Gaussian model is a limiting
case of the Matern model when 𝜈 tends to infinity. Once the
variogram model is chosen, modeling the variogram becomes
an exercise of curve fitting in which the parameters of the
model are specified [8][12].

Fig. 5.
Fig. 4.

Variogram construction screen.

E. Model adjustment
Once the variogram has been calculated, a function (called
the variogram model) has to be fit to it. The most commonly
used variogram models are divided into two types: those that
reach a sill (called transition models) and those that don’t.
(Fig. 5 shows the parameters of the variogram model. The
maximum value reached by the variogram is called the sill.
The distance at which the sill is reached is called the range.
The vertical jump from zero at the origin to the value of
semivariance at extremely small separation distances is called
the nugget effect.) Variogram models of the second type

Variogram model parameters.

In the model adjustment screen the user needs to specify the
nugget, sill, range and the model to be adjusted. A plot of the
variogram is displayed to help the user to do this specification.
When the ”Plot” button is clicked the application performs the
model adjustment and displays the parameters of the adjusted
model. Fig. 6 shows the variogram model for the salinity data
set. A Matern model with 𝜈 = 0.5 was adjusted.
F. Cross-validation
Cross-validation is a procedure used to compare the performance of several competing models [12]. It starts by splitting
the data set into two sets: a modelling set and a validation
set. Then the modelling set is used for variogram modelling
and kriging on the locations of the validation set. Finally

Fig. 6.

the analysis that was previously performed. This descriptive
information includes the following performance measures:
2
∙ Coefficient of determination (R )
∙ Mean Error (ME)
∙ Mean Squared Error (MSE)
∙ Root Mean Squared Error (RMSE)
In the cross-validation screen the user can choose to experiment other kriging methods, jumping to the previous panels. If
a new analysis is conducted, a new row is added to the table
with its descriptive information. The kriging method that is
highlighted in the table when the ”Krige” button is clicked is
the one used for mapping in the next step.

Model adjustment screen.

the measurements of the validation set are compared to their
predictions [5][20]. If the average of the cross-validation errors
(or Mean Error, ME) is close to 0,
𝑚

1 ∑
[𝑧(𝑥𝑖 ) − 𝑧ˆ(𝑥𝑖 )]
ME =
𝑚 𝑖=1

(3)

we may say that apparently the estimates are unbiased
(𝑧(𝑥𝑖 ) and 𝑧ˆ(𝑥𝑖 ) are, respectively, the measurement and estimate at point 𝑥𝑖 and 𝑚 is the number of measurements of the
validation set). A significant negative (positive) mean error can
represent systematic overestimation (underestimation). The
magnitude of the Root Mean Squared Error (RMSE) is particularly interesting for comparing different models [11][12]:
RMSE = ⎷
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The RMSE value should be as small as possible indicating that estimates are close to measurements. The kriging
standard deviation represents the error predicted by the estimation method. Dividing the cross-validation error by the
corresponding kriging standard deviation allows to compare
the magnitudes of both actual and predicted error [11][12].
Therefore, the average of the standardized squared crossvalidation errors (or Mean Standardized Squared Error, MSSE)
𝑚
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should be about one, indicating that the model is accurate. A
scatterplot of true versus predicted values provides additional
evidence on how well an estimation method has performed.
We typically want that the set of points comes as close as
possible to the line 𝑦 = 𝑥, a 45-degree line passing through
the origin on the scatterplot. The coefficient of determination
R2 is a good index for summarizing how close the points on
the scatterplot come to falling on the 45-degree line passing
through the origin [8]. R2 should be close to one.
Fig. 7 shows the cross-validation screen. If the validation
procedure was selected by the user in the ”Load data screen”, a
table appears in the screen with descriptive information about

Fig. 7.

Cross-validation screen.

G. Kriging
Most geostatistical estimation procedures use stationary
random function models. A random function is a set of
random variables that have some spatial locations and whose
dependence on each other is specified by some probabilistic
mechanism. A random function is stationary if all the random
variables have the same probability distribution and if any pair
of random variables has a joint probability distribution that
depends only on the separation between the two points and not
on their locations. If the random function is stationary, then
the expected value and the variance can be used to summarize
the univariate behavior of the set of random variables. The
parameter that is commonly used to summarize the bivariate
behavior of a stationary random function is its covariance
function, its correlogram, and its variogram [8][11].
The Ordinary kriging method is often associated with the
acronym BLUE which stands for “Best Linear Unbiased
Estimator”: “Linear”because its estimates are weighted linear
combinations of the available data; “Unbiased”since it tries to
have the mean error equal to 0; and “Best”because it aims at
minimizing the variance of the errors.
For any point at which we want to estimate the unknown
value, our model is a stationary random function that consists
of 𝑛 random variables, one for the value at each of the 𝑛 sample locations and one for the unknown value at the point we are
trying to estimate 𝑍(x0 ). Each of these random variables has
the same probability law; at all locations, the expected value of
the random variable is 𝑚 and the variance is 𝜎 2 . Every value

in this model is seen as an outcome (or realization) of the
random variable. Our estimate is also a random variable since
it is a weighted linear combination of the random variables at
the 𝑛 sampled locations ([6][7][8][9][10][11][12]):
ˆ 0) =
𝑍(x

𝑛
∑
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The estimation error is defined as the difference between
the random variable modeling the true value and the estimate:
ˆ 0)
𝜀(x0 ) = 𝑍(x0 ) − 𝑍(x

(7)

The estimation error is also a random variable. Its expected
value, often referred to as the bias, is
(
)
𝑛
∑
𝐸 [𝜀(x0 )] = 𝑚 1 −
𝑤𝑖
(8)
𝑖=1

Setting this expected value to 0, to ensure an unbiasedness
estimate results in:
𝑛
∑
𝑤𝑖 = 1
(9)
𝑖=1

This is known as the condition of unbiasedness [8][9][11].
A consideration in many environmental applications has
been that ordinary kriging usually yield large prediction errors
[5]. This is due to the larger variability in the observations.
When predicting averages over larger areas, i.e. within blocks,
much of the variability averages out and consequently block
mean values have lower prediction errors. If the blocks are not
too large the spatial patterns do not disappear. An equivalent
procedure, that can be computationally more expensive than
block kriging, is to obtain the block estimate by averaging the
𝑁 kriged point estimates within the block [7][8].
The user is presented with a screen for performing the
selected kriging procedure. A combobox is available to specify
whether point or block kriging is going to be conducted. If
block kriging is selected, the size has to be specified. Changes
to the maps scale can also be specified. All the information and
plots are displayed, including prediction and variance maps.

Fig. 8.

Kriging screen.

III. D ISCUSSION
It is clear that geostatistical interpolation methods are a valid
way to analyse the collected data. Many software packages
exist for data interpolation and two were particularly interesting for us. It would be either ArcGIS with its Geostatistical
Analyst extension or R with the Gstat package.
SRI ArcGIS is the most widely used commercial GIS. The
Geostatistical Analyst extension provides a range of global and
local interpolation methods including IDW, trend surface, local
polynomial, kriging and cokriging. Like other commercial
software it fails to give scientific support for the procedures,
but it provides an easy to use graphical interface.
R is a free software environment for statistical computing
and graphics which is available for most computing platforms.
It is used extensively in teaching, in student projects and by
researchers. It is completely operated through command line.
This is an disadvantage for most people because today most
programs have point-and-click interfaces and they are used to
it. The main advantage is being open source, providing full
access to its internal structure and algorithms. R is developing
fast as a research tool in statistical computing, and the results
of research and development at universities and laboratories
have been often made freely available in the form of software
packages.
Gstat is a package (included in R) used for multivariable
geostatistical modelling, prediction, simulation and several visualisation functions. It handles a variety of geostatistical analysis and interpolation methods and related features, including
change of support (block kriging), simple/ordinary/universal
(co)kriging, fast local neighbourhood selection, trend modelling, simulation of large spatially correlated random fields,
indicator kriging and simulation, and variogram and cross
variogram modelling.
Our choice was R. It was straightforward since it is developed (including packages) by researchers to researchers, gives
us the possibility to better understand the used procedures,
and obviously, its free. There are also extensive documentation
about executing spatial data analysis with R and Gstat.
Not having a graphical interface was a big disadvantage
for us, for productivity reasons. So we decided to build one
ourselves.
We wanted to embed a R session inside our application.
The easier and most efficient way to achieve this was by using
JRI. It is a Java/R Interface, which allows to run R inside Java
applications as a single thread. It loads R dynamic library into
Java and provides a Java API to R functionality. It supports
both simple calls to R functions and a full running R engine.
When implementing our application we need to consider
how to call R functions and how to pass arguments from Java
to R and get the returned results back into Java. JRI enables us
to call R functions passing an R expression as a string to the R
evaluator. Then this evaluator waits for the response, which is
an R object (typically a list). When this is returned to the Java
method that called it, standard mechanisms for converting R
objects to Java objects are applied.

So we used this approach to build an application that
guides the user through a sequential series of panels, each
representing a phase of the geostatistical analysis procedure.
It is not intended to be an interface to R and gstat since we
only need to use a specific set of the available methods. From
our perspective it is clear that it is valuable in the sense that
it saves time during a analysis but also eliminates learning
process that is required for becoming an advanced R/gstat user.
IV. C ONCLUSIONS
The described application is designed to guide the user
through a geostatistical procedure. It uses the R software and
gstat package in order to perform geostatistical computations.
It is wizard-based, which may help non-programming users
to employ sophisticated algorithms in their analysis.
It allows amateur and novice users in this field to do
the required analysis fast and effectively without the trouble
of getting acquainted with R, while still maintaining the
advantages of using open source software.
With the advancements in AUV technology, other methods
may be preferable to analyse the collected data thus making
the development of this software continuous.
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