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Abstract— This paper presents a general methodology for
processing bioclimatic data in the spatial domain whose main
goal is to derive indications related to the moisture/dryness
level of a region and provide water management authori-
ties with information about its irrigation requirements. The
methodology uses point-scale measurements of weather re-
lated data to perform a detailed analysis of the spatial behavior
of the corresponding bioclimatic indicators at the continuous
regional scale. The proposed methodology, although more
demanding in terms of computation resources, gives more ac-
curate results than standard approximate approaches available
in current GIS packages. This methodology has been applied
to a particular case study using the well known De Martonne
index as a bioclimatic indicator.

Index Terms—Bioclimatic indices, time-series, kriging, spa-
tial analysis.

I. INTRODUCTION

The bioclimatic characterization of a region is usually based
on some well established and easy-to-calculate bioclimatic
indices that synthesize the moisture/dryness level of the region.
Bioclimatic indices provide precious information to water
delivery and management authorities about the irrigation re-
quirements of the area under consideration. Bioclimatic indices
also allow to estimate the amount of recharge from infiltration
occurring in the area [1]–[3], an important indicator to pre-
vent the lowering of the groundwater level and the resulting
salinization of coastal aquifers [4].

Bioclimatic indices are very useful tools also for land
management, where they may contribute to assess the degree
of hydrologic stress of a given area [5], [6]. Such assessment is
particularly important in Mediterranean regions, where climate
scenarios predict a trend towards a warmer and more arid
climate, with the expansion of the arid and semi-arid areas.

Bioclimatic indices are calculated from weather related
measurements taken at local meteorological stations spread
more or less randomly across a given area. For the reasons
given given above, it is important to be able to extend
these point-scale data over the whole region, using some
interpolation method that transforms the irregularly located
measurements into continuous (or almost continuous) maps.

Geostatistics is widely applied in several environmental
fields [7]–[11]), because of its robust theoretical background
and the wide availability of software applications and tools.

Approximate interpolation methods of the point-scale data
over an extended region, such as the Thiessen polygon or
inverse distance methods, are available in current GIS pack-
ages. These methods are fast and very easy to use, but
often they cannot produce accurate maps of the bioclimatic
indexes, unless the number of local measurement stations is
exceedingly high. Also, approximate interpolation methods do
not provide any information about the uncertainty associated
with the interpolated values.

Under the assumption that the bioclimatic indices are spa-
tially auto-correlated random variables [12], it is possible
to estimate their spatial behavior over the whole area using
standard geostatistical estimators, such as ordinary kriging.

In this paper we present a general methodology based on
this estimator for processing bioclimatic data in the spatial
domain. Starting from time-series of weather related variables
recorded at local meteorological stations, such as the average
temperature and the total annual precipitation, the methodol-
ogy proceeds through the validation of the observed data [13],
[14], the choice of the “most representative” bioclimatic index
for the environment under consideration [15], and its spatial
interpolation over the whole study area, to precisely define the
climatic zones into which the region is divided and to infer
proper indications of their possible evolution and trend over
time, as shown in a companion paper that analyses the same
bioclimatic data in the temporal domain [16].

Kriging is a complex and computationally expensive task,
in particular when it is necessary to interpolate large time-
series, since it involves the calculation of a variogram for each
measured variable at each time step [17]. As in this paper we
are interested only in the spatial behavior of the bioclimatic
indices, to speed up calculations we have removed the tem-
poral dependence of the bioclimatic indices by summarizing
the entire time-series data at each monitoring point with its
median value over the whole observation time.

The proposed methodology has been applied to a case
study involving the Apulia region in Italy, based on thermo-
pluviometric data registered at 82 stations of the weather net-
work managed by the Regional Civil Protection. A validation
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TABLE I
CLIMATIC ZONES CLASSIFIED ACCORDING TO THE DE MARTONNE INDEX.

Classification Index range Description

Hyper-arid IDM < 5 Desertic
Arid IDM < 15 Needs continuous irrigation
Semi-arid IDM < 20 Needs irrigation
Dry subhumid IDM < 30 Needs supplementary irrigation
Humid IDM ≤ 60 Needs occasional irrigation
Perhumid IDM > 60 Water self-sufficiency

of the methodology has been performed by comparing its
results with those obtained with the Thiessen polygon method.
The detailed maps defining the climatic zones of Apulia and
their evolution in time [16], could be useful to study the effects
of global warming in a typical Mediterranean environment.

II. BIOCLIMATIC INDICES

The dryness of a given zone is classified according to so-
called bioclimatic indices (or aridity indices), which correlate
total precipitations and average temperatures, often used as
a proxy for evapotranspiration data. The values of these two
weather related variables are recorded at least on a daily basis
and are aggregated with respect to the same time step, chosen
according to the available data and the goals of the analysis
(monthly, each season, yearly).

Among several bioclimatic indices available in the scientific
literature, the De Martonne [18] index has been selected to
illustrate the methodology used here. The annual De Martonne
index IDM is defined as

IDM =
Pa

Ta + 10
, (1)

where Pa (mm) is the annual amount of precipitation and
Ta (◦C) is the mean annual air temperature.

The De Martonne index allows to specify the various
degrees of moisture and dryness and to classify the extreme
environmental or weather conditions experienced by crops
present in a given zone. Therefore, this index is of great
importance not only from the environmental or climatological
point of view but also for land management and agriculture.
The association between the values of the De Martonne
index and the degree of moisture/dryness of an area can be
performed according to the classification scheme of Table I.

III. SPATIAL ANALYSIS

A. Missing data

The analysis of spatio-temporal data series must usually
face the missing data problem. Missed observations may occur
due to instrumentation or human error, to problems when
transmitting data from the measurement stations to the central
data collection server, or even to database mismatches due to
the different data formats used in the measurement stations.

Missing data can cause serious problems. Most statistical
procedures automatically remove missing data and may give
misleading results if the amount of remaining data is not
sufficient to perform the analysis.

Hence the need to rely on reliable methods to rebuild the
time-series data and fill the data gaps. The reconstruction
of missing data is a complex and delicate process that, if
applied lightly, can introduce further distortions in the data
series [13], [14], [19]. Any method for estimating missing
data should: (1) be able to make reliable assumptions about
the underlying causes of missing data; (2) leave internal
data relations unchanged (e.g. mean, standard deviation, etc.);
(3) leave the overall uncertainty associated with the data
unchanged.

In this work, missing data have been reconstructed using
the Multiple Imputations Chained Equations (MICE) iterative
method, one of the most advanced and effective methods to
handle missing data [20], [21].

B. Interpolation

Once the missing data have been fixed and the data matrices
containing the time-series of measurements are completed, it
is possible to calculate the values of the selected bioclimatic
indices at each site at the desired time aggregation level. By
definition, the bioclimatic indices reflect a localized situation
and taken individually do not give information about processes
occurring at a larger scale. In order to gain information about
these processes, it is essential to transform the point-scale data
to a regional scale, by making use of proper geostatistical
tools.

The interpolation of point-scale observations over the whole
study area is usually done by superimposing a grid mesh and
using an appropriate method to predict the values of each
measured variable (such as precipitation and temperature here)
at each node of the grid. A map algebra process combines
each grid into a new grid containing the values of the desired
bioclimatic index. The last step is to classify the values of
the index at each grid point according to Table I, producing a
spatial map of the categorized bioclimatic index over the area
under consideration.

If the method used to interpolate the original measurements
is too coarse, the derived map of the bioclimatic index will
be affected by an even higher approximation error, making it
unable to predict bioclimatic data at a wider regional scale.

In this paper, we have used an alternative approach based
on the consideration that also the bioclimatic indices can be
considered spatially auto-correlated variables, since they are
simple combinations of spatial variables. The assumption can
be tested by means of the so-called Moran I index [22], a
well-known statistical test whose theoretical values range from
+1 for positive spatial autocorrelation, to −1 when values
at neighboring points are more dissimilar than what can be
expected by random chance (negative spatial autocorrelation).

This approach allows to first calculate the bioclimatic index
at each measurement site and then to apply the desired
interpolation method only on this spatial variable, reducing the
total computation time by a factor approximately equal to the
number of weather related variables used for the calculation
of each bioclimatic index.
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Two complementary methods for the calculation of the
spatial distribution of the point-scale index values over the
whole study area have been used here. The first method
is based on Thiessen polygons and assigns the point-value
of each observation to the whole polygon built up around
the measurement station, while the second method, ordinary
kriging, uses the spatial auto-correlation of the observations,
evaluated through the empirical variogram, to estimate the
values of the spatial variable over the whole study area [12],
[23], [24].

The two methods differ for their basic assumptions, the
complexity of calculation and the significance of results. The
method based on Thiessen polygons is a very simple and fast
approximate method and, for this reason, it is implemented in
the main Geographical Information Systems (GIS). Ordinary
kriging requires more restrictive hypotheses on the statistical
distribution and spatial continuity of the data, is much more
demanding from a computational point of view, yet provides
more reliable results and produces an accurate spatial distri-
bution pattern of the bioclimatic indices over the study area.

C. Thiessen polygons

The most straightforward interpolation method is the
Thiessen (or Voronoj) polygon methods, that defines individual
areas of influence around each point of a discrete data set.

The generation of Thiessen polygons is based on the fol-
lowing algorithm: (1) the study area is divided into triangles
(Delauney triangles) by connecting the location of each data
point to two of its nearest neighbors so that each triangle has
the smallest possible area (or the largest possible angles); (2)
each triangle is circumscribed by a circle whose center is the
intersection of the medians to each side of the circle; (3) the
Thiessen polygons are built by connecting all the centers of
the circles. A characteristic property of Thiessen polygons is
that each polygon contains one and only one measurement
site. Within the polygon the value of the variable remains
unchanged.

More formally, if z(xα), α = 1, 2, ..., N is the set of
spatial observations at the N sites xα, every grid node xj
located within the Thiessen polygon containing xα satisfies
the relation |xj −xα| < |xj −xα′ |, in other words it is closer
to xα than to any other site xα′ located outside the polygon.
At these nodes, the value of the spatial observation is set to

ẑ(xj) = z(xα), j = 1, 2, ...W, (2)

where z(xα) is the value measured at the network location xα
contained within the polygon.

D. Ordinary kriging

Kriging is a geostatistical estimator that models a dependent
variable by considering the structure of its spatial variability,
and uses the empirical variogram as a measure of the dissim-
ilarity of measurements taken at the same distance [25]. The
empirical semi-variogram γ(h) is defined as the average of
the squared sum difference between all spatial observations
z(xα) separated by the same lag distance h,

γ(h) =
1

2N(h)

N(h)∑
α=1

[z(xα)− z(xα + h)]
2
, (3)

where N(h) is the number of pairs of data locations that are
separated by h (plus or minus a predefined tolerance). The
variogram is a function of both distance and direction and can
thus account for any spatial anisotropy in the measured data.
Actual variogram calculations are performed by pooling data
pairs into separate lag bins. Larger lag bins allow more data
pairs for estimation but reduce the amount of detail of the
variogram.

Fitting a curve to an empirical variogram allows to define
a calculated variogram model that can be used to model the
spatial variation of the data. The actual functional form of
the variogram model depends on the data series and on the
lag tolerance. Ideally the variogram starts from a a non-zero
value (nugget) at zero lag and increases with h, reaching a
constant value (sill) at a well defined lag distance (range),
where the sill approximates the variance s2 of the whole data
set. Beyond the range, spatial autocorrelation among the data
is essentially zero.

Ordinary kriging is a generalized least-squares regression
technique that predicts the values of a variable ẑ(xj) at each
node xj of a grid covering the area under consideration from
a weighted linear combination of n neighboring observations
z(xα). The basic expression of ordinary kriging is

ẑ(xj) =

n∑
i=1

ωα(xj)z(xα), j = 1, 2, ...W, (4)

where W is the number of grid nodes and ωα(xj) is the weight
assigned to each observation, so that

∑n
i=1 ωα(xj) = 1. The

weights ωα(xj) are determined from the calculated variogram
of the data set, so that observations closer to the node xj are
weighted more than those located farther away.

Fig. 1. Map of the Apulia region with the 82 weather monitoring stations
used for this case study and the Thiessen polygons built around each site.
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Fig. 2. Variogram of the median of the De Martonne index in the 1931–2010
time frame: (circles) empirical variogram, (solid line) best variogram model.

IV. CASE STUDY

The annual De Martonne index (1) has been calculated for
the 82 weather monitoring stations of the Civil Protection of
Apulia, Italy where precipitation and temperature data from
1931 to 2010 are available. The monitoring stations are spread
more or less uniformly across the area of the region, with
a density of around 1 station per 250 km2 (Fig. 1). The
Figure also shows the Thiessen polygons built around each
measurement site. Some monitoring stations located outside
the area of the region are shown in the Figure but are not
considered in this case study.

Missing data have been reconstructed with the MICE
method, using the mice package implemented in the R
environment [26], [27].

Since we are interested here only in the spatial behavior of
the De Martonne index, the annual values of the index have
been aggregated by computing, at each monitoring point, the
median of the De Martonne index over the whole considered
temporal interval. The choice of the median instead of other
statistical indices is based on continuous nature of the data and
on the consideration that the median is a more stable measure
of centrality than the mean since it is less sensitive to the
presence of outliers in the data.

The degree of spatial autocorrelation of the median values
has been evaluated with the Moran index, obtaining for the
aggregated data set an index I = 0.1471 that suggests the
presence of a positive autocorrelation and, without considering
the sign, is about 10 times larger than the expected value of
−0.0125 (slight negative spatial autocorrelation). The p-value
of 1.92× 10−12 is also several orders of magnitude less than
the given P = 0.05, confirming the assumption that, at least in
the 1931–2010 time frame considered here, the median values
of the De Martonne index are spatially autocorrelated over the
study area.

Once the assumption of spatial autocorrelation has been ver-
ified, it has been possible to calculate the empirical variogram
of the data and to determine from it the best variogram model
that best fits the available data (Figure 2). Next, the median

values of the De Martonne index have been interpolated over
the whole study area, using the two spatialization methods
described above. Figure 2 shows the empirical variogram
(circles) and the best calculated variogram model (solid line)
of the median values of the De Martonne index for the 82
monitoring stations considered in this case study.

The corresponding variogram model has been determined by
iteratively changing the model function and its characteristic
parameters until convergence is reached. The best calculated
variogram model equation is

2γ(h) = 0.0379 nugget + 1.556 stable(0.625, 1.622),

where the stable(·) function is one of the standard variogram
model functions used in geostatistical analysis [28].

The last step of the analysis is the interpolation of point-
scale median index values over the whole study area. Figures 3
and 4 show the regional maps of the De Martonne median
index for the period 1931–2010, calculated with the Thiessen
polygon and ordinary kriging methods, respectively.

The comparison of the two maps clearly shows that, al-
though the results of the two methods are in overall agreement,
the map calculated with the approximate Thiessen polygon
method is patchy and quite unrealistic, and the abrupt change
of the index values at the border of each polygon makes it
impossible to evaluate the bioclimatic characteristics of the
region at a spatial scale better than the resolution of the
original point measurements. On the other hand, the map
calculated by ordinary kriging is much more detailed than
the crude polygon approximation and naturally incorporate the
spatial continuity of the observations, allowing to define the
bioclimatic characteristics of the different areas of the region
in a much more accurate way.

These maps can be used to define the bioclimatic zones
of the region, following the classification scheme of Table I.
The area of each zone, calculated with the two interpolation
methods used in this work, is listed in Table II. Both methods

Fig. 3. Median of the De Martonne index interpolated over the study area
using the Thiessen polygon method.
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TABLE II
AREA OF THE CLIMATE ZONES OF APULIA, CALCULATED WITH THE THIESSEN POLYGON AND ORDINARY KRIGING METHODS.

Classification Index range Thiessen polygons Ordinary kriging

Area (km2) Area (%) Area (km2) Area (%)

Hyper-arid IDM < 5 0 0 0 0
Arid IDM < 15 2179 11 2956 15
Semi-arid IDM < 20 14834 77 13384 69
Dry subhumid IDM < 30 2345 12 3018 16
Humid IDM ≤ 60 0 0 0 0
Perhumid IDM >, 60 0 0 0 0

show that the largest part of the region is characterized by a
Mediterranean semi-arid climate, while the remaining parts
of the region are equally divided into either arid or dry
subhumid zones. The extreme climate conditions, hyper-arid
and humid/perhumid are both totally absent in Apulia. From
the Table it is also apparent that the approximate Thiessen
method overestimates the area of the semi-arid climate zone,
while the kriging method allows a more accurate definition of
the climate zones into which in region is divided.

V. CONCLUSION

This paper presents a general methodology to accurately
characterize a regional territory from a bioclimatic point of
view. Starting from time-series measurements of tempera-
ture and precipitation, the bioclimatic De Martonne index
is calculated for each monitoring station. The point-scale
data is interpolated it to a continuous regional scale with
ordinary kriging. Missing data in the measured time-series
are automatically reconstructed using the well-known MICE
method.

The proposed methodology, although more complex and
demanding in terms of computation time, is theoretically rigor-
ous and gives more accurate results than standard approximate
methods, such as those based on Thiessen polygons.

The methodology has been applied to a case study involving
the whole Apulia region, in Italy. The analysis has been carried

Fig. 4. Median of the De Martonne index interpolated over the study area
using the ordinary kriging method.

out on time-series of thermo-pluviometric data measured at
82 stations of the weather monitoring network managed by
the Regional Civil Protection from 1931 to 2010, using the
De Martonne index as a bioclimatic indicator. Detailed maps
and tables of the De Martonne index of Apulia have been
calculated, defining the climatic zones into which the region
is divided.

Together with a companion paper focused on a statistical
methods to evaluate the temporal evolution of the bioclimatic
indicator, the spatial and temporal analysis can provide water
management authorities detailed information concerning the
level of aridity of the region and its irrigation needs, at the sub-
regional and local scale. Crossing this information with related
regional information, such land use or water availability,
it is be used to find the best compromise between water
requirements and availability, avoiding potential imbalances
and optimizing distribution costs.

The detailed maps defining the climatic zones of Apulia
and their evolution in time [16], could also be useful tools to
study the effects of global warming in a typical Mediterranean
region.
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