Does complex always mean powerful? A comparison
of eight methods for interpolation of climatic data
in Mediterranean area
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Abstract: Biodiversity will probably be threatened by climate change effects and the Mediterranean area is a well
know hotspot of genetic diversity. Climatic data are a very important source of information for those studies and
the aim of this work was to study and compare eight methods for spatial interpolation of climatic data and indices
including parametric and non-parametric methods, deterministic, regressive and geostatistical. The Root Mean
Square Error (RMSE), relative RMSE (rRMSE) and relative BIAS (rBIAS) were calculated to assess algorithm’s
performances in a Mediterranean region. None of the eight methods performed much better than others with a very
complex physiographic environment. The range of errors was very high and rRMSE varied from 3.8% to 295%.
Anyway, even in case of low differences among methods and despite the necessity of the assumption of normality of
data, the interpolation at local scale with parametric and geostatistical methods (e.g. kriging or cokriging) should be
preferred to globally-interpolated climatic data due to the possibility to obtain the distribution of prediction’s error.
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time, data always need a quality check to ensure
the absence of missing periods and storage errors.
Many statistical techniques has been investigated
to complete or to fill gaps in climatic data series
(Paulhus and Kohler, 1952; Xia et al., 1999; Eischeid
et al., 2000; Schneider, 2001; Ramosand Calzado et
al., 2008; Wilks, 2011). The correct selection of one
method depends on the data use and the purpose
of the study. In addition, a key role is played by the
representativeness of the meteorological network
(Wong et al., 2004; Bhowmik and Costa, 2014)
often masked by a regular spatial coverage but
which does not cover all the physiograpic features
of a given spatial extent (e.g. higher elevations).
Due to spreading of web knowledge and data storage,
many datasets are freely available in literature
(temperature, rainfall, climatic indices) e.g. at national
(Wang et al., 2012) or global scale (Hijmans et al.,
2005) but often not adequate for local studies and in
very variable environments. When a more detailed
information is required statistical downscaling (Wang et
al., 2012; Jones and Thornton, 2013) and interpolation
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Introduction
In the last twenty years, since Kyoto protocol,
climatic data gained more and more attention
due to increasing interest on climate change and
its possible effects on organisms (Parmesan, 1996;
Martinez-Meyer, 2005; Mátýas et al., 2009; Schueler
et al., 2014). Many studies are focused on possible
impacts of Global Change on forest ecosystems
and animals with the aim to forecast future
developments (Pearson and Dawson, 2003; Cheaib
et al., 2012; Provan and Maggs, 2012; Vacchiano
and Motta, 2014, Marchi et al., 2016). Minimum
requirements of these studies are long-term climate
baseline data, future predictions and, in some cases,
even information about past climate variability.
Anyway, they are usually not easily accessible at the
appropriate resolution for a comprehensive set of
biologically relevant climate variables. At the same
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Riassunto: All’interno dell’area Mediterranea, ben conosciuta per via del suo alto tasso di ricchezza genetica, l’Italia
centro-meridionale è una zona molto importante per via del suo clima e delle sue caratteristiche filogenetiche. Per
studiare questo tipo di interazioni i dati climatici rappresentano una rilevante fonte di informazione e obbiettivo di
questo studio è stato quello di valutare e comparare otto metodi per l’interpolazione spaziale di variabili ed indici
climatici includendo metodi parametrici e non metodi deterministici, regressivi e geostatistici. La valutazione della
qualità di interpolazione è stata effettuata attraverso tre stimatori: il Root Mean Square Error assoluto (RMSE) e
percentuale (rRMSE) ed il relative BIAS (rBIAS). L’analisi ha evidenziato l’assenza di un modello nettamente migliore
con un errore medio relativo variabile tra il 3.8% ed il 295% a causa di una mancanza di correlazioni statistiche tra
variabili dipendenti e predittori. Tuttavia l’utilizzo di dati locali con metodi geostatistici è risultata essere comunque
la scelta migliore grazie alla potenzialità di fornire la distribuzione spaziale dell’errore di interpolazione.
Parole chiave: Interpolazione spaziale; Abruzzo; dati climatici; Zona Mediterranea; kriging.
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of climatic data obtained by local monitoring network
(Attorre et al., 2007; Chai, 2011) are the only feasible
approaches. Downscaling methods are generally based
on regressions (singular, polynomial or splines) and are
mainly used to improve prediction at finer resolution
(Pellatt et al., 2012, Marchi et al., 2015) whereas
interpolation methods are used very frequently in
climatology and applied studies.
To interpolate climatic data, many parametric and
non-parametric methods are available in literature.
Main methods enclose different algorithms of
distance weighting (Kurtzman and Kadmon, 1999),
single and multiple linear regressions (Blasi et al.,
2007; Hofstra et al., 2008; Brunetti et al., 2014),
nearest neighbour algorithms (Kao and Hung,
2004), spline functions (Hofierka et al., 2002) and
geostatistical methods like kriging and co-kriging
in their various variants (Van Houwelingen and Le
Cressie, 1990; Attorre et al., 2008; Li and Heap,
2008; Brunetti et al., 2014). All these methods can
be grouped into two main big families: parametric
and non-parametric. In case of climatic data and
especially for temperature, elevation is often the
main driving factor and this assumption is used for
interpolation or Downscaling (Hijmans et al., 2005;
Blasi et al., 2007; Wang et al., 2012). For the whole
Italian territory, Blasi and others (2007), for example,
used a weighted regression method with elevation to
interpolate temperature data, weighting the nearest
meteorological stations included into a 20 km radius
for each pixel at a geometrical resolution of 250 m.
However the most famous and used parametric
interpolation methods is krining (Krige, 1951)
developed by D. G. Krige for minereary purposes
introducing moving averages and geostatistical
processes to avoid systematic errors. This method is
also known as the “Gaussian process” and is believed
to be the Best Linear Unbiased Method (Li and Heap,
2008). The variogram (or semivariogram) analysis is
the core of computation as an evaluation of spatial
correlation among observational points as function
of distance between points and direction of variance.
Parameters of the (semi)variogram model are: model
(most used are linear, exponential, circular, spherical
and Gaussian), range, sill and nugget. Range is the
distance value at which the model begins to become
flat (end of autocorrelation), sill is the value of (semi)
variance at the range value and nugget is the value
of (semi)variance at zero distance. Many different
types of kriging and methods are possible, which
can work differently with the same dataset. Among
them cokriging can be considered as an extension
of kriging with the same assumption (normalized
data, random distribution of points, analysis of

autocorrelation) but a more complex variogram which
uses cross-covariance functions. Consequently, it is
more time-consuming and demonstrated to be very
powerful when secondary information is abundant
and easy to sample across the study area, e.g. radar
data (Schuurmans et al., 2007).
Among the non parametric methods, the inverse
distance weighted (IDW), K-Nearest Neighbour
(k-NN) and spline functions are the most common
methods. IDW is a deterministic, geostatistic but
non-parametric method for local interpolation.
Values at unknown points are calculated as the
weighted average of the values available at the known
points and weights are calculated in relation to the
spatial distances from the point to be interpolated
and the nearest known points. Typical problems
of this method are that maximum and minimum
values are always known points of the dataset and
distance between points do not consider differences
in elevations, aspects, etc. Thus, for instance, with
IDW algorithm, temperatures on the top of relieves
are very difficult to estimate and to avoid spatial drifts
and when correlation between data to be interpolate
and a co-variable is high enough, a detrended-IDW
(D-IDW) can be used (Kurtzman and Kadmon,
1999; Attorre et al., 2008). K-Nearest Neighbour
(k-NN) algorithm (Cover and Hart, 1967) instead is
generally used for classification of objects. It is based
on multidimensional proximity between objects and,
similar to IDW, the unknown object is classified by a
majority vote of its neighbours. The main difference
between IDW and k-NN is the calculation of proximity
between observations, evaluated in k-NN not in a
geographical sense but in a new multidimensional
space. New coordinates of this space are two or more
variables measured over the whole study area. K-NN
have been widely used in Forestry to estimate forest
variables such as volume or cover type (Franco-Lopez
et al., 2001; Mäkelä and Pekkarinen, 2004; Chiavetta
and Chirici, 2008; Lasserre et al., 2011; Chirici et al.,
2012) but, in some cases, also for predicting climatic
scenarios (Yates, 2003; Sharif et al., 2007). Anyway,
even if the application of the method in meteorology
is limited, in some cases it may be successful for dense
measurement networks. Finally splines polynomial
functions which interpolates data dividing the dataset
in subregions. It is a method that has been widely
used to interpolate climatic factors due to its speed
and usability (Hofierka et al., 2002; Hijmans et al.,
2005; Yilmaz and Tolunay, 2012).
In the end, each method has its pros and cons, mainly
connected to nature of data and study cases. Most of
the studies in literature used comparative methods,
aware that the quality of spatial interpolation
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depends on the nature of data, additional information
available (elevation, aspect, distance from sea, etc.) as
well as required study scale. In this framework, with
the aim to create climatic layers for a Mediterranean
region in central Italy (Abruzzo) a comparative
approach is proposed. Eight different interpolation
methods (five parametric and three non parametric),
were compared testing four climatic indices and the
corresponding climatic variables used to generate
them. By doing so, a comparison between the
interpolation of climatic indices and the respective
climatic values was also evaluated. In fact, when
temperatures and rainfalls data are derived from
different networks (as in this case we have 137
versus 57 records) the loss of information in case of
interpolation of climatic indices must be considered.
DATA AND METHODS
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Study area
The study case is the Abruzzo region, a geographic
and administrative area in central peninsular
Italy on the Eastern Adriatic side. The Region
represents a typical Mediterranean context,

because of the latitude, the coastal environment,
the rainfall and temperatures distribution and
geo-morphology, characterised by hilly and high
mountain ranges. It covers an area of about 10,700
km2 and is a mainly mountainous (65%) and hilly
(34%) zone, with only a narrow coastal plain
(1%). The climate is local and highly variable,
being strongly influenced by the presence of the
Adriatic sea, the air streams from Balkans and
the Apennines elevation pattern with parallel
arrangement respect to coast line, and the highest
elevation of the whole south of Italy (“Gran Sasso
d’Italia” reach the maximum elevation of 2,912 m
only 40 kilometres away form the coast line). As
main features, the climate of the coastal part is
typically Mediterranean, with hot and dry summers
and the maximum of precipitation in autumn
whereas the interior part is more continental
with snowy winters. According to Köppen climate
classification (Kottek et al., 2006), the Abruzzo
is classified into the “Warm temperate” climate
and includes three sub-zones: “Fully humid, hot
summer”, “Fully humid, warm summer” and
“Summer dry, hot summer”. In Fig. 1 four climate

Fig. 1 - The high climatic variability of the region is expressed by the four climatic diagrams.
Fig. 1 - La grande variabilità climatica della regione è espressa dai quattro diagrammi termo-pluviometrici.

61

59-72 marchi_CORTO.indd 61

11/04/17 14.58

diagrams are provided to give an idea of the high
climatic variability of the region.

1) De Martonne (1927) Aridity index:

where:
MAP = Mean Annual Precipitation
DMP = Driest month Mean Precipitation
MAT = Mean Annual Temperature
DMT = Driest month Mean Temperature
2) Emberger (1930) Pluviotermic quotient:

where:
MAP = Mean Annual Precipitation
HMTx = Hottest month Maximum Temperature
CMTm = Coldest month Minimum Temperature
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Climate data and climatic indices
The Abruzzo Region has a relatively high number
and well-distributed meteorological network
with 137 stations (approximately 1/100 km2)
for rainfall observation and (among the 137) 57
(approximately 1/200 km2) for temperature. The
distribution is geographically-homogeneous (Fig.
2) and meteorological data were obtained at local
level from the Regional Agro-meteorological
Centre database of Abruzzo. To obtain a common
reference period despite the different lifespan of
each meteorological station, ranging from 40 to
50 years, minimum, mean and maximum annual
temperature were calculated as climatic normals
for the period 1981-2010. The same approach was
adopted for precipitation data, using a mean value
of annual and monthly precipitation. Then, four
climatic indices were calculated for each location.

Those indices were:

Fig. 2 - Spatial distribution of the meteorological network.
Fig. 2 - Distribuzione spaziale della rete di rilevamento meteorologico.
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Interpolation
methods

Physiographic
parameters

Climatic
variables

Name
Linear Regression
K Nearest Neighbors
Regularized Spline with Tension
Inverse Distance Weighted
Ordinary Kriging
Universal Kriging
Regression Kriging
Ordinary Cokriging
Latitude
Longitude
Elevation
Aspect
Distance from sea
Global Solar Radiation
Mean Annual Precipitation
Driest Month mean Precipitation
Mean Annual Temperature
Driest Month mean Temperature
Hottest Month mean Temperature
Hottest Month maximum Temperature
Coldest Month mean Temperature
Coldest Month minimum Temperature
Coldest Month maximum Temperature
De Martonne Aridity index
Emberger Pluviotermic quotient
Rivas Martinez Continentality index
Rivas Martinez Termic index

Acronym
REG
K-NN
RST
IDW
OK
UK
RK
OCK
LAT
LONG
ELEV
ASP
DSEA
GSR
MAP
DMP
MAT
DMT
HMT
HMTx
CMT
CMTm
CMTx
DMAi
EMPq
RMCi
RMTi

where:
HMT = Hottest Month mean Temperature
CMT = Coldest Month mean Temperature
4) Rivas Martinez (1996) Thermal index:
where:
MAT = Mean Annual Temperature
CMTx = Coldest month Maximum Temperature
CMTm = Coldest month Minimum Temperature
Climatic data were geo-referenced in WGS84
UTM 33 North reference system (EPSG 32633)
and to perform data interpolation, the most

commonly-used independent physiographic
parameters were obtained form the DEM with 10
meters of spatial resolution. Those independent
variables were: latitude (LAT), longitude (LONG)
Elevation (ELEV), Aspect (ASP), Distance from
sea (DSEA). Global Solar Radiation (GSR) was
added to this database and calculated with the
r.sun module of GRASS GIS software (GRASS
Development Team, 2015). All the acronyms are
reported in table (Tab. 1).
Tested algorithms
After a literature review, eight algorithms were
selected. Inverse Distance Weighted (IDW) and
k-nearest neighbor (K-NN) were selected as
fast and easy deterministic method. Concerning
splines, Regularized Spline with Tension (RST)
was considered as example and as the main method
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3) Rivas Martinez (1996) Continentality index:
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Tab. 1 - Table of Acronyms.
Tab. 1 - Tabella degli acronimi.
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of GRASS GIS software. Similar to splines, RST
(Mitas and Mitasova, 1999) is a non-parametric
interpolation method which belongs to numerical
analysis and works dividing the interval of analysis
in more sub-interval. Tension, smoothing, segmax
(maximum number of points in the segment)
and npmin (minimum number of points used for
interpolation) are the main parameters to be set to
modulate interpolation, generally through a cross
validation procedure (typically a leave-one-out).
High parameters force the surface shape (especially
smoothing) so they also describe how far from the
real values the surface will be.
Among parametric methods Multivariate Linear
Regression (REG) was used as an example of
general ordinary least squares estimators while
ordinary kriging (OK), universal kriging (UK),
regression kriging (RK) and ordinary cokriging
(OCK) were used as most powerful and well
referenced parametric and statical ones. The main
differences between those kriging’s variants can be
found in the computational steps. While in OK the
spatial variation of the variable is assumed to be
statistically homogeneous in the whole area, with
UK the spatial variation (and the mean) is driven by
an external drift which is added to the Kriging model
to improve the prediction. For this reason, UK is
often alternatively called “Kriging with external
Drift” and often used in climatology (Attorre et al.,
2007). RK instead is a term that has been used to
define many different types of procedures, from
“Kriging after detrending” where the trend function
and estimated detrended variables are modelled
separately to a combination of a regressive model
of the independent variable on auxiliary variables
with ordinary kriging of regression residuals
(Odeh et al., 1995). Anyway, considering that the
first definition is mathematically equivalent to UK,
RK must correspond to the second procedure. In
the end, in this work, RK was used with residuals
of MLR while the most correlated variable among
ELEV, ASP and GSR we used as external drift for
UK avoiding UK and RK to be equivalent.
To compare models and to asses differences
between them a cross-validation procedure was
performed with a leave-one-out (LOO-CV)
approach due to small number of observations.
Root Mean Square Error (RMSE, eq. [1]) was
used to assess algorithms’ accuracy as a simple and
efficient parameter whereas relative BIAS (rBIAS,
eq [2]) and relative RMSE (rRMSE, eq. [3]) were
calculated to compare results with different scales
(Celsius degrees for temperatures, millimetre for
precipitation, pure numbers for indices). Finally

rRMSE was used to perform a non-parametric
ANOVA through the Kruskal-Wallis rank sum test
(Kruskal and Wallis, 1952) to search for meaningful
differences among algorithms performances. Both
rBIAS and rRMSE were expressed in percentage.

[1]

[2]


[3]

GRASS GIS 6.4.4 and R 3.2.2 (R CoreTeam, 2015)
with added packages as gstat (Pebesma, 2004),
raster (Hijmans, 2015) and rgdal (Bivand et al.,
2015) were used for the statistical and geo-statistical
analysis and interpolation. A summary of the tested
algorithm is reported in Tab. 2.
Results and Discussion
After a dataset-screening the four climatic indices
were calculated for each meteorological station
where both temperature and precipitation were
available (57 cases only). Normality of distribution
was tested with the Kolmogorov-Smirnov normality
test (Dallal and Wilkinson, 1986) and followed by a
data transformation where necessary. A statistical
analysis of meteorological data is compulsory to
ensure the quality of data sets, to improve the
accuracy of interpolation results (Chai, 2011).
Not-normally distributed data, outliers and errors
in data storage are the most common problems
which influence negatively the statistical analysis
and, consequently, the interpolation. In many cases
data were not normally distributed (Tab. 3) and
normalization was achieved using the logarithmic
or the reciprocal transformation. In case of
negative values of temperatures (e.g. CMTm), a
transformation from Celsius to Kelvin degrees was
made.
A screening for detection of statistical trends in data
structure was performed using a linear model. The
regression form was calculated using a backward
stepwise analysis based on the Akaike’s information
criterion (AIC, Akaike, 1974) with the complete
formula and no interaction (all predictors included)
as starting model. The amount of explained variance
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Algorithm

Geostatistical
(x & y coord.)

REG

No

K-NN

No

RST

No

IDW

Yes

OK

Yes

UK

Yes

RK

Yes

OCK

Yes

Assumption of
Variogram
normality of the data
analysis
Yes
No
(parametric method)
No
No
(non-parametric method)
No
No
(non-parametric method)
No
Yes
(non-parametric method)
Yes
Yes
(parametric method)
Yes
Yes
(parametric method)
(+external drift)
Yes
Yes
(parametric method)
Yes
Yes
(parametric method)
(co-variogram)

Variance of
prediction

Software

No

R (stat)

No

R (kknn)

No

GRASS GIS

No

R (gstat)

Yes

R (gstat)

Yes

R (gstat)

Yes

R (gstat)

Yes

R (gstat)

D value
0.0973
0.0577
0.0917
0.0604
0.1150
0.1049
0.1365
0.1100
0.1436
0.1140
0.1260
0.1131
0.1184
0.1114
0.1012
0.1160
0.0973
0.0577
0.0917
0.0604
0.0959
0.1220
0.0970
0.1064
0.1308
0.0959

p-value
0.0029
0.3210
0.0067
0.2542
0.0582
0.1228
0.0099
0.0987
0.0051
0.0654
0.0247
0.0666
0.0453
0.0755
0.1552
0.0539
0.0029
0.3210
0.0067
0.2542
0.2141
0.0340
0.2012
0.1115
0.0164
0.2148
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Data
MAP
Transformed MAP
DMP
Transformed DMP
MAT
Transformed MAT
CMT
Transformed CMT
CMTm
Transformed CMTm
CMTx
Transformed CMTx
DMT
Transformed DMT
HMT
HMTx
MAP
Transformed MAP
DMP
Transformed DMP
DMAi
EMPq
Transformed EMPq
RMCi
RMTi
Transformed RMTi
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Tab. 2 - Main features of the eight tested algorithms.
Tab. 2 - Caratteristiche principali degli otto metodi testati.

Tab. 3 - Kolmogorov-Smirnov normality test for considered variables(α 0.05).
Tab. 3 - Test di normalità di Kolmogorov-Smirnov per le variabili considerate (α 0.05).
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(R2) was very low for all the parameters with many
values around 0.2 and a higher value of 0.41 for the
EMPq. The elevation parameter, generally the best
predictor for temperatures and climatic variables in
general (e.g. Diodato and Ceccarelli, 2005; Blasi et
al., 2007; Daly et al., 2008) was rarely significant
(just in 5 cases on 13) and highly significant just in 2
cases, both connected to the precipitation regimes
(DMP and EMPq), Results are summarized in
Tab. 4 and the lack of strong correlation was also
confirmed by correlation matrix (Tab. 5) where,
even if many statistically significant coefficients
were found, just one of them was higher than 0.5
(EMPq~ELEV).
Each interpolation method was then studied
in relation to our dataset and set-up properly.
For REG, each variables had its own regression
model as output of a second stepwise regression.
For OK, UK, RK and OCK the optimal values
of range, (partial)sill, nugget and the variogram
model were chosen through the analysis of
scatterplots and (co)variograms. The exponential
and spherical models were the most suited with
an optimal range of 6 kilometres. For K-NN, the
optimal number of neighbours and the kernel were
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Variable
MAP
DMP
MAT
DMT
HMT
HMTx
CMT
CMTm
CMTx
DMAi
EMPq
RMCi
RMTi

R2/
adj R2
0.22 / 0.20
0.18 / 0.16
0.20 / 0.17
0.22 / 0.19
0.22 / 0.19
0.20 / 0.17
0.18 / 0.15
0.24 / 0.20
0.14 / 0.11
0.33 / 0.29
0.43 / 0.41
0.17 / 0.14
0.17 / 0.14

calculated automatically minimizing the prediction
error whereas for IDW and RST were the default
parameters showed the best results. The selected
kernel for K-NN was triangular while IDW’s
power was set equal to 1 with n = 12 whereas for
RST tension=100, smoothing=0.2, segmax = half
number of observations, segmin = total number of
observations available were used.
The cross-validation procedure showed high errors
of predictions (Tab. 6). RMSE for temperature
varied between 2.08°C of RK for CMTx (mean value
of the variable is 7.24 °C) and 2.87°C with K-NN for
CMTm (mean value of the variable -0.22 °C) whereas
for MAP was between 142.1 mm (mean value 899.2
mm) of UK and 230.2 mm for RK and for DMP
(mean value 40.6 mm) was between 5.47 mm of OK
and 10.04 mm with RST. rRMSE had minimum
values interpolating RMCi with UK or OCK (3.8%)
and maximum with interpolation of for CMTm with
K-NN (295.3%). Finally the Kruskal-Wallis rank
sum test showed a chi-squared value of 1.7932 and
a p-value of 0.9867, assessing no difference between
rRMSE. Boxplots of rRMSE are shown in Fig. 3.
In the end, none of eight interpolation methods
was suitable for all variables at the same time but

Intercept

ELEV

ASP

DSEA

GSR

***
***
***
***
***
***
**
ns
***
***
**
***
***

*
***
**
ns
**
***
ns
ns

ns
*
*
*
ns
*
.
.
*
ns
*

ns
***
.
*
*
.
*
-

ns
*
-

Tab. 4 - Regression models analysis. The significance of parameters are reported with the following legend: p<0.1 (.), p<0.05
(*), p<0.01 (**), p<0.001 (***) not significant (ns), not used (-).
Tab. 4 - analisi del modello regressivo. La significatività di ciascun parametro è riportata secondo la seguente legenda p<0.1
(.), p<0.05 (*), p<0.01 (**), p<0.001 (***) non significativo (ns), non utilizzato (-).

ELEV
ASP
DSEA
GSR

MAP
0.45
-0.11
0.36
0.02

DMP
0.18
-0.08
-0.15
-0.08

MAT
-0.26
0.42
-0.32
-0.03

CMT
-0.23
0.43
-0.33
-0.05

DMT
-0.31
0.41
-0.38
-0.08

HMT CMTm CMTx HMTx DMAi EMPq RMCi
-0.30 -0.19 -0.26 -0.43 0.55
0.62 -0.41
0.42
0.44
0.36
0.28
-0.37 -0.36
0.23
-0.37 -0.40 -0.19 -0.22
0.32
0.34
-0.21
-0.06 -0.05 -0.02 -0.04
0.02
0.05
-0.11

RMTi
-0.24
0.37
-0.33
-0.04

Tab. 5 - Correlation Matrix (Spearman) between climatic data and physiographic predictors; p-value < 0.05 are reported
in bold.
Tab. 5 - Matrice di correlazione (Spearman) tra dati climatici e predittori fisiografici; I valori con p-value < 0.05 sono riportati in grassetto.
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MAT
(11.75 °C)
CMT
(3.14 °C)
DMT
(20.81 °C)
HMT
(20.91 °C)
CMTm
(-0.22 °C)
CMTx
(7.24 °C)
HMTx
(27.61 °C)
DMAi
(29.01)
EMPq
(2550)
RMCi
(17.40)
RMTi
(187.70)

MLRG
142.1
4.18%
20.5%
10.04
2.43%
22.3%
2.43
2.09%
23.1%
2.32
-0.43%
53.0%
2.52
-0.07%
13.1%
2.51
-0.06%
12.9%
2.74
2.33%
281.9%
2.14
-0.09%
39.3%
2.20
-0.03%
8.7%
6.87
-0.72%
22.7%
90.81
3.56%
62.2%
0.66
0.02%
3.8%
73.56
6.64%
66.3%

ALGORITHMS
K-NN
OK
197.6
144.4
5.60%
2.27%
19.2%
13.4%
7.95
5.47
2.20%
0.37%
24.1%
12.3%
2.47
2.38
2.12%
2.02%
24.1%
23.1%
2.43
2.33
1.90%
0.67%
57.2%
54.8%
2.62
2.57
0.80%
0.04%
13.4%
13.4%
2.61
2.54
0.25%
0.03%
13.9%
13.2%
2.87
2.47
7.36%
-4.86%
295.3%
145.0%
2.17
2.17
1.10%
0.31%
45.1%
44.9%
2.14
2.27
0.08%
-0.07%
8.8%
8.9%
6.59
6.11
0.65%
0.30%
22.0%
21.2%
37.07
38.19
1.45%
1.50%
28.9%
25.5%
0.66
0.67
0.10%
-0.08%
3.8%
3.9%
72.96
70.92
8.12%
7.56%
58.2%
62.8%

RK
230.2
5.33%
22.3%
5.56
0.79%
12.3%
2.43
-0.04%
23.6%
2.17
0.37%
50.4%
2.49
0.04%
12.9%
2.46
0.04%
12.7%
2.42
-6.98%
138.5%
2.08
0.24%
42.9%
2.21
0.01%
8.7%
5.98
-0.03%
20.7%
84.76
3.32%
58.0%
0.67
-0.07%
3.9%
69.56
7.65%
58.2%

UK
142.1
1.84%
12.8%
5.65
0.43%
12.1%
2.40
1.87%
23.4%
2.33
0.45%
53.0%
2.63
0.05%
13.6%
2.60
0.03%
13.4%
2.58
-3.09%
125.1%
2.18
0.26%
41.3%
2.25
-0.05%
8.8%
5.79
-0.04%
19.1%
43.71
1.71%
29.9%
0.65
-0.05%
3.8%
70.96
6.49%
56.3%

OCK
150.0
1.87%
13.3%
6.03
0.53%
12.6%
2.32
1.87%
21.9%
2.22
0.31%
53.0%
2.51
0.00%
13.0%
2.48
-0.01%
12.8%
2.47
-4.07%
103.8%
2.09
0.08%
40.1%
2.12
-0.03%
8.4%
5.97
0.19%
19.1%
35.56
1.39%
23.9%
0.65
-0.05%
3.8%
68.80
6.77%
56.5%

RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE
RMSE
rBIAS
rRMSE

Tab. 6 - Cross-validation results. The mean value of interpolated parameters is reported between brackets under the variable’s name. The best model for each climatic parameters is reported in bold.
Tab. 6 - Risultati della cross-validazione. Il valore medo dei parametri interpolati è riportato in parentesi sotto il nome della
vaiabile. Il miglior modello per ogni parametro climatico è riportato in grassetto.

even if no significant differences were detected with
ANOVA, small differences must be stressed. First of
all, the interpolation with geostatistical (parametric)
methods (especially RK and OCK) gave best
performances. RK and OCK were generally the best
algorithms for temperature interpolation (5 cases on
7 for RK and 2 on 7 for OCK) while UK performed
well for MAP and OK with DMP. Also concerning
indices, best results were obtained with UK (DMAi
and RMCi) and OCK (EMPq and RMTi). In addition,
as a consequence of the spatial interpolation also the
variance of prediction is produced, describing the
spatial quality of predicted surfaces. As an example,
the final maps of MAT and MAP were interpolated
with all the eight method and their estimations

compared using a pair plot approach (Fig. 4 and Fig.
5). Both the plots (and consequently the variables)
stressed the deep difference between geostatistical
(IDW, OK, UK,RK and OCK) and non-geostatistical
methods (REG, RST). An exception is represented
by K-NN method whose estimates resulted more
similar to geostatistical methods, above all for MAP.
The geostatistical methods were highly correlated
each other (always higher than 0.9) with a very
similar shape of the histograms (on the diagonal of
each plot) while, among the other three methods,
REG and RST showed a strong difference and more
evident on MAT (Fig. 5).
Comparing these results with other studies at regional
or national scale, RMSE were higher. In a similar
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DMP
(40.6 mm)

RST
181.9
0.64%
17.1%
6.17
0.74%
20.1%
2.40
-0.20%
21.7%
2.34
-1.31%
255.8%
2.63
-0.14%
13.3%
2.61
-0.12%
13.1%
2.53
16.84%
291.6%
2.31
-0.77%
36.1%
2.36
-0.08%
9.0%
6.13
-0.20%
23.6%
45.15
1.77%
31.5%
0.67
0.12%
3.8%
70.96
2.70%
65.2%
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MAP
(899.2 mm)

IDW
166.7
-1.76%
17.7%
7.28
-2.45%
18.1%
2.39
1.10%
22.7%
2.21
4.20%
50.0%
2.49
0.61%
12.9%
2.65
0.54%
13.7%
2.46
-77.26%
130.2%
2.14
1.74%
43.5%
2.22
0.14%
8.7%
6.46
0.35%
21.4%
35.99
1.41%
28.3%
0.67
-0.08%
3.9%
70.07
2.27%
65.3%
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Fig. 3 - Boxplots of rRMSE (rRMSE values are expressed in
percentage/100). Circles represent the outliers.
Fig. 3 - Boxplots dell’RMSE percentuale (valori espressi in
percentuale/100). I cerchi rappresentano gli outliers.
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condition but on the opposite side of the Apennines
chain (Latium region) lower RMSE were obtained
(Attorre et al., 2007) with good correlation with the
same physiographic parameters, ranking UK as the
best interpolation method. Reasons rely on fact that
Abruzzo, despite the relatively small extension, has a
very particular orography, determining a high climatic
variability without possibility to determine a specific
connection among climatic data and physiographic
parameters. The Abruzzo’s geographic position
(Mediterranean area) and the elevation range (from
sea level to 2912 m) nearby the coast which represent
a barrier to continental winds and precipitations

from central Europe and the Balkans (Di Lena and
others 2013) enforce the complexity of interpolation.
In addition, physiographic parameters are not the
only driver. The circulation of air masses plays a
fundamental role in climatological analysis (Bellucci
et al., 2013) and, in this view, the spatial distribution
of Abruzzo’s meteorological stations across the
orographic range can be addressed as the main
issue. Many studies demonstrated the importance of
quantity of data for interpolation (Sluiter, 2009) but
very few discussed about their distribution (Wong
et al., 2004; Bhowmik and Costa, 2014). Abruzzo
has a dense network (1 station every 100 km2 for
precipitation and every 200 km2 for temperatures) but,
nonetheless, the network is not well distributed (Tab.
7), following just a latitudinal-longitudinal gradient. In
fact, even if all the aspects degrees are more or less
covered, the higher elevations are not represented
properly (Fig. 6). For this reason, more complex and
time-consuming methods as OCK didn’t performed
well and demonstrated that model’s complexity and
prediction’s accuracy are not always correlated.
In this study we also found that indices interpolation
reduced both computational time and rRMSE. This
happened because mathematical operation between
climatic factors worked as data transformation which
modified the relationships between dependent and
independent variables. However, in such cases, a
sensible loss of information is often necessary and
must be considered and weighted.
Conclusions
With the requirement of high spatial resolution
maps, representativeness of climatic data is the
main driving factor to obtain reliable prediction.
Fig. 4 - Mean annual
temperature interpolation:
comparison between
the interpolated maps.
Fig. 5 - Interpolazione
della temperatura media
annua: confronto tra le
mappe risultanti.
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Network
Temperature
Precipitation

ELEV [m]
0 - 1531
0 - 1967

ASP
All range covered
All range covered

DSEA km
0 – 100
0 – 100

GSR [W/m2]
558 - 2382
548 - 2382
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Fig. 6 - Distribution of the meteorological sensors across the altitudinal gradient (0-2,912 m) and the aspect range of Abruzzo region.
Fig. 6 - Distribuzione delle stazioni meteorologiche abruzzesi lungo il gradiente altitudinale (0-2,912 m) e il range delle
esposizioni.
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Fig. 5 - Mean total
precipitation interpolation:
comparison between
the interpolated maps.
Fig. 6 - Interpolazione
della precipitazione totale
annua: confronto tra le
mappe risultanti.

Tab. 7 - Range covered by Abruzzo’s meteorological network.
Tab.7 - Range di copertura dei vari predittori da parte delle stazioni meteorologiche abruzzesi.
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Consequently, when some parts of the study area
are not covered by an adequate network (e.g. high
elevations) results are not only inaccurate but also
unknown.
If statistical relationships between climatic
factors and physiographic parameters is missing,
also most complex and powerful algorithms fail.
The interpolation of climatic and bioclimatic
indices must be used very carefully. Even if
time-consuming the reliability of maps must be
considered, weighting also the nature of data.
Temperature and precipitation data are often
provided by different meteorological networks
and can have different consistency. Anyway, in our
opinion, interpolation of local data with geostatistic
methods should be always preferred as well as
the direct interpolation of the climatic indices
because, in this case the interpolation errors (and
uncertainties) could be reduced. Moreover among
geostatistic family all methods estimates are highly
correlated and the selection of the method do not
constitute a critical issue. Differently among nongeostatistic method the selection can lead to a
meaningful difference in the estimates.
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