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A B S T R A C T

The prediction of forest productivity is essential for sustainable forest management, particularly in countries, like
Italy, where forest is an important part of many protected areas. A spatial predictive probability model for forest
productivity rates in Italy was developed over the period 1961–1990, based on 135 annually-resolved records
of site productivity and auxiliary variables measured at 219 stations. Our analysis shows that the probability of
finding high (>7.3m3 ha−1 yr−1) and low (<5.8m3 ha−1 yr−1) productivity rates changes across different regions
of Italy. The generated spatial patterns contribute to a better understanding of the factors structuring the distri-
bution of forest productivity in Italy because they reflect the dependence of temperature and water availability
conditions on the latitudinal and altitudinal location of the study areas. We observed that the temperature control
dominates forest productivity at high elevations and latitudes, whereas low-elevation sites in central and south-
ern Italy are more sensitive to water availability. The proposed spatial probability modelling should be further
assessed for its possible incorporation into forest management plans.

1. Introduction

The spatial extent and pattern of wood distribution have a great in-
fluence on the microclimate, pedogenesis and hydrology, including soil
erosion of both aquatic and terrestrial ecosystems (Diodato and Bel-
locchi, 2008b; Diodato et al., 2017), linking up to regional and
global climatic aspects (Gaillard et al., 2018; Morin et al., 2018).

In recent decades, Earth scientists have become increasingly inter-
ested in the spatial patterns of ecological processes, including the en-
vironmental factors that govern forest productivity (Ollinger et al.,
1998; Purves and Pacala, 2008; Rahman et al., 2015; Forzieri et
al., 2017). The analysis of complex interactions between spatial distrib-
ution patterns of site factors and woody vegetation growing is crucial for
understanding the functioning of terrestrial ecosystems, as well as their
management and planning challenges (Hörsch, 2003). Accurate esti-
mation of forest productivity requires understanding of the topo-climatic
drivers of forest productivity patterns (Stegen et al., 2011), which in
turn depend on ecological conditions and geographic location (Babst et
al., 2013; Martinez del Castillo et al., 2018).

The analysis of forest productivity patterns in complex areas is chal-
lenging, mostly because the complex topography and soil diversity of
certain regions may cause considerable variations in site-specific re-
sponses but also because of the sparsity of available bio-climatic in-
formation that is required to estimate productivity (Benavides et al.,
2009). Forest biomass estimations may be needed at unsampled loca-
tions in a region, for which a procedure is required for mapping forest
productivity. In countries with diverse geographical and climatic condi

tions like Italy (the focus of this study), detailed mapping of all areas
is practically and economically difficult. In Italy, with about 90000km2,
forests are estimated to cover about one third of the national terri-
tory, and the enhancement of high-nature value forestry environments
is a strategic objective of the European Rural Development Policy (Pig-
natti et al., 2012). The Italian National Forest Inventory (https://
www.inventarioforestale.org) provides, at country and regional levels,
high-resolution estimates of the increase in volume of the trees mea-
sured at the time of the survey. At the level of smaller administra-
tive units (including associations of municipalities, which are typical
of mountain regions), increment data are generally not available, or
they are only fragmentarily available (Gasparini et al., 2017). More-
over, simply mapping forest productivity does not capture the drivers
of forest productivity or give managers the knowledge they need about
productivity-environment relationships (e.g. Bontemps and Bouriaud,
2014). Aerial photography is an advanced method for mapping and
monitoring, but it is often hampered by observation noise when condi-
tions are cloudy (Coops, 2015). In fact, only a few applications in Italy
have been reported, limited to some sites (e.g. Maselli et al., 2006;
Laurin et al., 2018).

Simulation modelling in forest productivity can be a practical and
effective methodology for studying spatial patterns of forest dynamics
and production in relation with topographic and climatic factors (e.g.
Goreaud et al., 1999; Kim et al., 2017). Modelling approaches
include the use of geographical information systems (GIS) and spa-
tial analysis techniques for estimating forest productivity and search-
ing for sensitive areas that should be devoted to careful timber manage-
ment practices (e.g. Næsset, 1997; Payn et al., 1999; Busch, 2012;
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Calvert et al., 2013; Thiffault et al., 2014). In this study, an Ital-
ian-wide geospatial modelling was performed to map forest productiv-
ity rates (FPR) over a 30-year climate period (1961–1990), based on
an extensive network of sample points with information about vegeta-
tion and topo-climatic factors. The FPR index was designed to indicate
the growth potential of plants based on climate factors only, through
which high values mean the occurrence of favourable growing condi-
tions. A network of 135 stations providing meteorological and produc-
tivity data for the calculation of FPR (based on Paterson, 1956, with
revisions by Serrada, 1976) was combined with auxiliary precipitation
and elevation data extending over 219 stations (including the first 135
stations), being used as input data in a geostatistical analysis of FPR.
With the aim of assessing important factors limiting the spatial distribu-
tion of forests, an integrated geostatistics approach was implemented in-
corporating multiple input datasets (coverage, shape files, raster, grids),
which were processed to estimate forest productivity at unsampled loca-
tions. Based on the distance between data and data estimation locations,
and the description of their spatial configuration and spatial structure
by a theoretical semivariogram under the assumption of isotropy (i.e.
all directions are equal), our objective was to model spatial patterns of
forest productivity, whilst also assessing the uncertainty associated with
predicted patterns.

2. Materials and methods

2.1. Study area and data collection

Italy is a Southern European country characterized by a mixture of
topographic systems (peninsular shape, islands, mountain chains, val-
leys and plains). Centrally located in the Mediterranean Sea basin (Fig.
1a), it is an area through which humid air enters generating precipita-
tion with complex shape, location and evolution of the pressure systems
in the atmosphere (Lionello et al., 2006). Influences of the Mediter-
ranean climate on vegetation is evident on the Italian coasts and, becom-
ing more attenuated on the pre-Alpine chains and the Apennines (Com-
bourieu-Nebout et al., 2015).

Along the Apennines chain, changes from a low to a high alti-
tude produce a rapid transition towards cooler and less arid summers,
while a gradient of increasing continentality (colder winters and hotter
summers, with more pronounced temperature variations) can be found

when moving inward the Alps. The continental thermal regime is more
likely in Northern parts of the peninsula (e.g. in the Po Valley), which
are partly isolated by the Apennines chain. Such heterogeneity is re-
flected in geographically varied vegetation patterns (Fig. 1b).

The selected stations at which FPR values (135) were estimated, and
the set of stations (219) providing auxiliary precipitation and elevation
data (Fig. 2a, orange and black dots, respectively), cover different bio-
geographical regions and climatic settings (Fig. 2b). The number of sta-
tions is lower in the islands (Sicily and Sardinia) than in the mainland
where, as evidenced by Voronoi (1908) tessellation (notshown), sta-
tions are uniformly distributed. Basic climate data for the estimation
of forest productivity (Fig. 2a, orange sites) were provided by Food
Agricultural Organization (FAO)-database LocClim (FAO, 2014) for the
World Meteorological Organization’s climate normal period 1961–1990
(for which these data are freely available). The station-specific climatic
dataset used in the analysis was built upon monthly climatological data,
which were directly extracted from the FAO database. Yearly values
were derived from monthly ones.

Data were available at 135 stations for all the variables needed
for model application. However, the ability to identify the true spa-
tial variability of a dataset depends, to a great extent, on ancillary
knowledge of the underlying measured phenomenon (Diodato and
Bellocchi, 2008a). Auxiliary precipitation, temperature and elevation
data were derived from the Hydrological Annals of the Italian Hydro-
graphic and Oceanographic Service (SIMN), which covered 219 stations
equipped with operational rain gauges (accessible on-line - http://www.
isprambiente.gov.it/it/progetti/acque-interne-e-marino-costiere-1/
progetto-annali/gli-annali-idrologici - and described by Acquaotta et
al., 2016). Weather data included monthly rainfall totals and mean
temperatures, and the mean maximum and minimum temperatures of
the warmest and the coolest months, respectively. In addition, sunshine
durations and growth periods were retrieved from this database.

2.2. Long-term forest productivity rate

According to Paterson (1956), the potential productivity of a for-
est site is mostly controlled by climate-related factors. They include the
flux of solar radiation reaching the ground, the amount of water avail-
able for life processes and the time during which thermal resources are
favourable to growth (Rahman and Akter, 2015). At a global scale,

Fig. 1. Environmental settings of the study area (a), and map of potential vegetation of Italy (b), as derived from the European vegetation chart by Bohn et al. (2005).
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Fig. 2. Geographic distribution of 135 Italian sites for which the FPR (forest productivity rate) was estimated (orange dots), and 219 stations providing auxiliary precipitation co-variables
(black points) (a), and spatial patterns of precipitation during the forest growing season (April-September) (b). (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

temperature conditions and water availability appear to be the main
controlling factors of forest productivity beyond solar radiation (Churk-
ina and Running, 1998; Wang et al., 2003). A measure of long-term
climate-induced site productivity, the FPR index (m3 ha−1 yr−1), was de-
rived from concepts by Paterson (1956) and Serrada (1976), as fol-
lows:

(1)

where P is the annual rainfall total (mmyr−1); Tm(h) is the mean monthly
temperature of the hottest month (°C); G is the length of the growing
season, here calculated using the latitude (Lat, degrees), the longitude
(Long, degrees), the temperature (Tm(h) as in Eq. (1)) and the elevation
(Ele, m a.s.l.) of the study site:

(2)

Compared to the conventional number of months with values of De
Martonne’s aridity index >20 [=p/(t+10), where p is monthly precip-
itation total in mm and t is monthly average temperature in °C; De Mar-
tonne, 1926], Eq. (2) takes into account winter seasons (during which
low temperatures are the main limiting factor for vegetation growth)
and site-specific topographic characteristics.

The reported coefficients of Eq. (2) were determined from a multi-
variate regression (R2 =0.89), performed at 14 stations (covering an al-
titudinal range from 100 to 2000m a.s.l., and located between 8.6 and
16.6 °E and 39 to 46 °N), for which the actual values of the dependent
variable G were known (FAO-LocClim). The actual mean value of G is
equal to 4months (±1 standard deviation), with minimum and max-
imum values of 2 and 7months, respectively. The above equation re-
flects situations frequently occurring in the Mediterranean region, with
hot months generally being associated with water limitations, nega-
tively affecting forest growth and productivity when situations of in-
tense and prolonged droughts occur (Lindner et al., 2010). Forest
growing seasons logically tend to become longer with increasing lati-
tudes and longitudes, in agreement with more unlikely drought anom

alies in the northern regions and towards eastern-central Italy (Fig. 2b).
With respect to site elevation, Qiu et al. (2013) found a positive rela-
tionship with the length of growing season up to 1500m a.s.l., that is,
over an altitudinal gradient in which forest productivity is mostly driven
by water availability. For elevations above 1500m a.s.l., where low tem-
peratures become the most prominent limiting factor, G was set equal to
two months, that is, the minimum length of forest growing season (Rah-
man and Akter, 2015).

The factor f in Eq. (1) is the evapotranspiration reducer suggested
by Paterson (1956), calculated by relating the solar radiation at the
poles to the radiation at the site of interest. While this is meaningful for
differentiating potential plant productivity on a global scale (as origi-
nally intended by Paterson), the modified factor f introduced by Gan-
dullo and Serrada (1977) better reflects the relatively small spatial scope
of the present study. In this formulation, f considers the real insolation
at each site by using the annual number of sunshine hours (nsun), as de-
rived from LocClim FAO (2014) database:

(3)

In this study, the values of f fluctuated between 0.58 and 1.10, rep-
resenting a number of sunshine hours of 1270 and 3285h per year, re-
spectively; ΔT is the difference between the mean maximum tempera-
ture of the warmest month and the mean minimum temperature of the
coolest month (°C). The FPR was calculated for the whole of the Italian
territory using data from 135 main stations and auxiliary variables from
219 stations, and interpolation procedures for the creation of continued
surfaces.

2.3. The geostatistical approach for assessing FPR spatial uncertainty

Geostatistical techniques consider that near spatial data values are
more related to each other than distant data values (after Tobler,
1970). The ordinary kriging, in particular, computes an unsampled
value (z), knowing its coordinates (x, y) and neighbour values. It makes
optimal, unbiased estimates of regionalized variables at unsampled
points from values of the same variables at surrounding stations, using

3
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structural analysis and the initial set of measured data (Journel and
Huijbregts, 1978). In the ecological domain, Diodato and Cecca-
relli (2004) and Diodato et al. (2010a) used kriging approaches to
provide geoindicators to classify soil degradation and assess evapotran-
spiration rates, respectively. Auxiliary variables can also be used, as in
co-kriging (e.g. Knotters et al., 1995). Kriging/co-kriging approaches
are probabilistic in nature. They generally return a single value as an es-
timate at a particular location, but the uncertainty associated with a lo-
cal estimate can also be calculated, which is useful in decision manage-
ment (Burrough and McDonnell, 1998). The present analysis targets
the latter option by using a type of linear co-kriging, called detrended
ordinary co-kriging in the form of probability maps (DOCKpm).

In a first stage, a Detrended Ordinary Co-Kriging with Box-Cox trans-
formation (a power transformation of non-normally distributed data to
a set of approximately normal data, after Box and Cox, 1964) was
applied to remove the local character of sampled values (Kitanidis,
1997). This was possible because forest growth data were available for
more than one attribute per sampled location. In this case, one set of
data (Z1 =forest productivity rate), expensive to measure, was sampled
infrequently while another set of data (Z2 =annual precipitation), cheap
to measure, had more frequent observations. Under the assumption that
Z1 and Z2 are spatially correlated, the information about the spatial vari-
ation of Z2 can be used to map Z1. A co-kriged estimate of the variable
of interest at the unsampled location so is given by:

(4)

where z1 is a vector of the observed primary data (in this case they cor-
respond to annual forest productivity rates), and z2 is a vector of the
observed auxiliary variable (in this case they correspond to annual pre-
cipitation data) selected in the so neighborhood observation sj; λ1 and
λ2 are weight vector associated with the distances ho(i) (between so and
si) and ho(j) (between so and sj), respectively, and estimated by solving a
system of equations (Johnston et al., 2001).

To help mitigate the uncertainties associated with estimates of wood
productivity rates, a probabilistic interpretation (probability maps) was
given (after Diodato et al., 2013; Diodato and Bosco, 2014). Thus,
in a second stage, estimates and their variances were used to cal-
culate and model semivariogram and cross-covariance functions

at a range of threshold values (zk). The semivariogram captures the
spatial dependence between samples by plotting semivariance (half the
variance of the differences between all possible points spaced a constant
distance apart) against separation distance. The cross-covariance gives
the covariance of the primary and secondary variables at pairs of points.
Both functions quantify the assumption that things nearby tend to be
more similar than things that are farther apart. We set zk equal to 5.8
and 7.3m3 ha−1 yr−1, corresponding to the first and the third quartile of
forest productivity values, respectively. In this way, intervals below the
lowest threshold and above the highest threshold are captured.

3. Results

3.1. Exploratory data analysis

Fig. 3a shows the geographical distribution of the trend, which
was used for detrending the FPR data. Local environmental conditions
(mostly in longitudinal sections) can be recognized as deviations from
the global North-South trend. The descriptive statistics of the FPR data
show a moderately skewed distribution with a small number of samples
with large values (Fig. 3b). The Box-Cox transformation (with parame-
ter equal to 1.6) reduced such skewness towards an approximately nor-
mal distribution (Fig. 3c), and then these modified data were used for
the DOCKpm.

The estimated mean FPR was equal to 6.37±1.24m3 ha−1 yr−1, with
values ranging from 2.57m3 ha−1 yr−1 for the Paganella mountain
(46.17N, 11.07 E, 2129 m a.s.l.) to 8.73m3 ha−1 yr−1 at Udine (46.07N,
13.23 E, 116m a.s.l.).

3.2. Auxiliary information integration

The observational scale of topo-climatological variables used as aux-
iliary information is of great importance. In this context, indices are
usually designed to represent the main drivers or effects across partic-
ular lands where only a minimum set of primary data is available. The
direct use of annual precipitation as secondary information produced
satisfactory results (correlation coefficient equal to 0.69, Fig. 4a). The
cross-covariance modelling with a spherical function (curve in Fig. 4b
and Eq. (6)), with range of ~80km (radius of the black circle in Fig.

Fig. 3. Geographical trends of forest productivity rates (FPR) (a), statistical distribution of baseline FPR data for the original series over the period 1961–1990 (b), and statistical distribu-
tion of baseline FPR data after Box-Cox transformation (c). FPR data are expressed as m3 ha−1 yr−1.
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Fig. 4. Relationship between annual forest productivity rate (FPR) and precipitation (a), cross-covariance function between precipitation and FPR (b), and related empirical cross-covari-
ance surface (b1) with radial-neighbouring pixels. The circle approximates the separation distance beyond which the spatial covariance between two samples is negligible (blue and green
colours represent low values, and red and orange colours represent high values). Cross-covariance refers to FPR threshold of 7.3m3 ha−1 yr−1 (results for the threshold of 5.8m3 ha−1 yr−1

are very similar and not shown here). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

4b1), confirms an important positive spatial relationship between pri-
mary (FPR) and auxiliary (precipitation) variables as the distance is re-
duced among sampled station-points.

3.3. Structural analysis and modelling

We fitted a theoretical semivariogram to the observed data under
the assumption of isotropy, and obtained the cross-covariance function
between FPR and precipitation. Empirical semivariogram and cross-co-
variance are indicated with γ11(h) C12(h), respectively, where subscripts
1 and 2 designate FPR and precipitation data, respectively. Parameters
such as range a (~80km), number of lags (assumed equal 7) and lag size
h (assumed equal to 40km≈minimum distance among samples) were
calibrated iteratively throughout the run. Once verified the assumption
of isotropy, the semivariogram was modelled for both the FPR thresh-
olds as a combination of two distinct spatial structures (nugget variance
and spherical structure):

(5)

while for the cross-covariance functions:

(6)

where is the spherical correlation function equal to

(7)

The neighbourhood of points was controlled by a search circle de-
scribing the isotropic geometry of the neighbourhood, with semi-axis of
about 80 and 100km limiting the number and the configuration of the
points used for prediction. The elements closest to each other tend to be
more similar because as the data positions move from a position where
the value is unknown, they may not be as useful in predicting the value
in an unsampled position. At a certain distance, the points will have no
correlation with the position of prediction, and could even be in a very
different area than the unknown position.

3.4. Spatial pattern of probabilities mapping

Fig. 5 shows the final co-kriged map estimates of FPR for the thresh-
olds of (lower than) 5.7 and (higher than) 7.2m3 ha−1 yr−1. In par-
ticular, Fig. 5a shows the spatial patterns of the probability of low-

productivity areas. These are mostly located in Trentino-Alto Adige
(north-east), Umbria and Latium (centre), Apulia and Basilicata (south),
and Sicily and southern Sardinia (islands). Fig. 5b illustrates spatial
changes of the probability of high-productivity areas, mostly located
across Piedmont, Lombardy, Liguria (north-west), Friuli-Venezia Giulia
(north-east), Marche and (to a lesser extent), Tuscany (centre), Central
and southern Campania, western Basilicata and Calabria (south).

The conclusion is that more suitable areas (that is, with high prob-
ability of forest productivity) are located in northern Italy. Instead,
Latium, Sardinia, Sicily and Apulia are the regions with high probabil-
ity to have a poor suitability to forest productivity. In these areas, the
scarce precipitation regimes during the growing season, combined with
high evapotranspiration rates, cause limited water availability for plants
growth.

3.5. Cross-validation assessment

The error involved on the expansion of the information from point to
landscapes through probability co-kriging estimation at fine grid can be
assessed through an estimated indicator’s standard error and cross-vali-
dation (Isaaks and Srivastava, 1989). In the cross-validation diagrams
(Fig. 6), the actual values of FPR compare well with the predicted prob-
ability indicators for both the highest (Fig. 6a) and lowest (Fig. 6b)
threshold values. Mean values are −0.002 (for FPR<5.7m3 ha−1 yr−1)
and 0.0249 (for FPR>7.2m3 ha−1 yr−1), showing lack of systematic er-
rors. Root mean squared error values are 0.420 and 0.400, respectively.

4. Discussion

Detailed studies are necessary to establish the mechanisms underly-
ing unique functional relationships between climate and forest growth
in the complex set of physiological processes governing the response of
trees to water and temperature stress. This paper presents a geostatis-
tical modelling framework for proper interpretation of spatially-explicit
forest productivity rates (FPR) in Italy, which assumes a set of quantita-
tive data for the location of interest (temperature, rainfall, duration of
the growth season) and probabilities associated with ranges of produc-
tivity above and below critical values. They include the best available
data from a set of stations (135) and secondary data from a wider set
(219), as provided by the existing FAOclim database. In this way, the
use of topo-climate variables as a source of auxiliary information for es-
timating the FPR for site-specific and other spatial information is an im-
portant issue of this paper. Trend analysis has shown the existence of
a non-random (deterministic) component in the spatial distribution of
data. In particular, the largest gradient of the FPR data occurs along the
northwest to southeast direction (Fig. 3a), which can be attributed to

5
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Fig. 5. Spatial patterns of probability with low productivity prone areas (probability of FPR<5.7m3 ha−1 yr−1) (a), and high productivity prone areas (probability of
FPR>7.2m3 ha−1 yr−1) (b).

Fig. 6. Scatterplot of cross-validation between the actual forest productivity rate (FPR) and kriged indicator for two thresholds (blue vertical lines): FPR<5.7m3 ha−1 yr−1 (a) and
FPR>7.2m3 ha−1 yr−1 (b). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Atlantic influences determining more persistent rainfall in the north-
western part and milder temperatures at lower latitudes (Pfister et
al., 2018). In the application of kriging-type analyses, a gradient could
mask the stochastic variability in the range of kriging estimates. Krig-
ing with a trend model (detrended kriging) considers that the local
mean varies within the local neighbourhood. The local trend can be,
for example, a linear relationship between the investigated variable and
auxiliary variables. Detrending the data locally (by subtracting a con-
stant value or a best-fit line from data) was thus a part of the predic-
tion process to satisfy stationary assumptions (e.g. Negreiros et al.,
2010). Here, a constant detrending with a local neighbourhood was
applied (Fig. 3a) as a practical approximation, while straight line or
polynomial detrending are applicable to more complex situations requir-
ing strong assumptions about parameter estimation (e.g. Myers, 1994).
The data resource was decomposed into a deterministic trend compo-
nent (which usually changes gradually through space) and an autocor-
related random component (which tends to change more quickly). We
assumed that observations on any given year show local variations ow-
ing to topography, ground cover and other local factors that are not
easily predictable. According to the procedure shown in Goovaerts
(1997), once the trend was removed, kriging was carried out on the
residuals and the trend was added back to the output surface. The re-
sults so obtained indicated that probabilities of high and low productiv

ity are distributed without any apparent latitudinal/longitudinal or al-
titudinal gradient. While suggesting the possibility of using geostatisti-
cal spatial modelling to determine FPR values, the present study also
showed limitations. These findings are purely geostatistical, with no ex-
plicit mechanistic basis related to forest productivity. However, mecha-
nistic modelling of forest growth is data demanding and state-of-the-art
model estimates can be accompanied by a large amount of uncertain-
ties (e.g. Charney et al., 2016). There are also two major criticisms
against the Paterson index, that is: (i) it estimates growth potential in
terms of timber volume, for which it was originally designed (Johnston
et al., 2001; Hagglund, 1981), without providing dry matter biomass,
and (ii) it does not consider any soil factor. Some other limitations are
in the use of pre-established topo-climatic inputs, which do not include
surface insolation, second-order constraints provided by slope and ori-
entation of the local terrain, and soil water regime (e.g. Rahman and
Akter, 2015). This approach also overlooks the influence of short-term
weather events (and year-to-year variability) on estimated productivity.
Relying on credible information regarding forest productivity and its en-
vironmental drivers, this study shows how geostatistics methods can be
practically implemented to create countrywide spatially explicit proba-
bilistic maps, which could be of direct use for forest management.

6
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