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Abstract The vegetation space—time variability during
1999-2010 in the North of the Apulian region (Southern
Italy) was analysed using SPOT VEGETATION (VGT)
sensor data. Three bands of VEGETATION (RED, NIR
and SWIR) were used to implement the vegetation
index named reduced simple ratio (RSR) to derive leaf
area index (LAI). The monthly average LAI is an indi-
cator of biomass and canopy cover, while the difference
between the annual maximum and minimum LAI is an
indicator of annual leaf turnover. The space—time distri-
bution of LAI at the catchment scale was analysed over
the examined period to detect the consistency of vege-
tation dynamics in the study area. A diffuse increase of
LAI was observed in the examined years that cannot be
directly explained only in terms of increasing water
availability. Thus, in order to explain such a general
behaviour in terms of climatic factors, the analysis was
performed upon stratification of land cover classes, fo-
cusing on the most widespread species: forest and
wheat. An interesting ascending—descending behaviour
was observed in the relationship between inter-annual
increments of maximum LAI and rainfall, and in partic-
ular, a strong negative correlation was found when the
rainfall amount in January and February exceeded a
critical threshold of about 100 mm.
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Introduction

The process of mapping, quantifying, and monitoring
changes in the physical characteristics of vegetation cov-
er has become essential to understand the dynamics of
state variables in hydrologic, agricultural, and ecologic
systems from regional to global scales (Miao et al. 2013;
Nemani et al. 1996; Peng et al. 2012; Nole¢ et al. 2014).
Trend analysis of remote-sensing time series has been
used in many studies to effectively describe a vegetation
trend in natural environments (Sonnenschein et al. 2011)
and agricultural ecosystems (Tottrup and Rasmussen
2004; Dubovyk et al. 2012).

Thanks to their continuous recording, extensive cov-
erage and cheaper costs in comparison with more recent
very high resolution Earth Observing satellites, LAND
SAT and SPOT series are still commonly used to study
such endeavours (Kidane et al. 2012; Kovacs et al.
2009; Ekercin and Ormeci 2010; Roder et al. 2008; Yu
et al. 2012). Long-term operational satellite missions
have been providing an increasing amount of informa-
tion, which requires advanced and effective methodo-
logical approaches to combine digital image-processing
techniques with statistic time series analysis (Telesca
et al. 2008; Telesca and Lasaponara 2008) in order to
obtain information on features and causes of variations
at different time scales (Telesca and Lasaponara 2005;
Gessner et al. 2013; Atzberger and Eilers 2011).
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Although the multi-temporal coarse resolution of
satellite images clearly restricts the range of spatial
details that can be detected, they have proved to be
suitable for identifying locations of rapid change for
further analysis with higher resolution data (Gutman
and Masek 2012). However, extracting trends from time
series can be challenging due to short-term (e.g. pheno-
logical) variations in the data or overall low signal-to-
noise ratios (Verbesselt et al. 2010). It is hence necessary
to establish long enough time series for a reliable critical
historical perspective on vegetation activities (Brown
et al. 2006; Qiu et al. 2013) to determine effective
indicators of the degree of stress resulting from natural
hazards and/or anthropogenic activities (Telesca et al.
2008; Lanorte et al. 2014; Vancutsem et al. 2009).

On the other hand, the detail and frequency of acqui-
sition of multi-temporal coarse resolution satellite images
seem suitable for their exploitation within hydrological
models applied at basin scale. In a semi-arid Mediterra-
nean environment, the hydrological water balance is
highly conditioned by land cover and vegetation dynam-
ics. For example, evapotranspiration, which is recognised
as the main hydrologic loss (50+60 % of mean annual
rainfall, e.g. Maidment 1992), can be evaluated as the
sum of two distinct processes: evaporation from bare soil
and transpiration from vegetative soil. In drought condi-
tions, the evaporation from bare soil may increase, limit-
ed by water availability, while canopy transpiration gen-
erally decreases. Therefore, the space—time distribution
of vegetation is a key factor for a correct evaluation of
evapotranspiration (Liu et al. 2009; Gigante et al. 2009)
and also for understanding climate—soil-vegetation inter-
actions (Portoghese et al. 2008).

The total leaf area quantity per unit area, namely the
leaf area index (LAI), rapidly responds to different stress
factors and changes in climatic conditions, proving very
useful as a consistent indicator to characterise the vege-
tation condition commonly used in hydrologic and cli-
mate models (Fassnacht et al. 1997; Stenberg et al. 2004;
Houborg and Boegh 2008; Zheng and Moskal 2009).
LAI estimates from coarse resolution sensor data are
needed by the scientific community investigating global
scale fluxes and energy balance of the land surface be-
cause they provide an indication of vegetation growth
cycle and, as such, of the plant activity in terms of water
transpiration (Gigante et al. 2009). Measuring LAI is not
a straightforward task, especially over a heterogeneous
landscape (Martinez et al. 2010). LAI varies in space
obviously depending on the vegetation type. LAI also
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varies for any fixed vegetation type in time and space depend-
ing on the stage of development and crop practices (Aquilino
et al. 2014). Since direct measurements of LAI are usually
time-consuming and require continuous updates, remote mea-
surements from optical, SAR and LIDAR sensors were dem-
onstrated to be an alternative to estimate this attribute both over
large areas and at watershed scale (Alberti et al. 2013; Capodici
et al. 2013; Piragnolo et al. 2014; Rinaldi et al. 2010). A
number of global LAI products are being routinely estimated
using data of spatial moderate and coarse resolution from
various satellite sensors such as MODIS, SPOT and MERIS,
having a frequency of 1-2 weeks and timely covering a period
of somewhat more than 1 decade (Chen et al. 2006; Propastin
and Kappas 2012). Validating these products is a difficult task
because ground-based plot measurements are always limited
and cannot be compared with these image data directly without
considering surface heterogeneity. Major issues facing LAI
product validation may include (1) consistency in ground-
based LAI measurement methods and protocols since there
have been different definitions of LAI and diverse methods of
LAI estimation, (2) methods for spatial scaling from ground
plot to pixel, and (3) accuracy assessment for coarse-resolution
LAI images (Chen et al. 2002). For LAI estimation, some
spectral vegetation indexes using the ratio of combined red and
near-infrared (NIR) reflectance, such as the normalised differ-
ence vegetation index (NDVI) or the simple ratio (SR), are
commonly used (Stenberg et al. 2004), even if some studies
suggest that NDVI and LAI are strongly correlated (Andersen
etal. 2002). Chen et al. (2002) made use of the reduced simple
ratio (RSR) method based on a previous study documenting its
ability in retrieving LAI index when dealing with heteroge-
neous land covers.

In this paper, time series SPOT VEGETATION (VGT)
satellite archives were used for retrieving LAI on a study
area located in the North of Apulia, a region in Southern
Italy. The variability in space and time of such index at the
catchment scale over the period 1999-2010 and its corre-
lation with temperature and rainfall observations was
analysed, in order to investigate the consistency of LAI
variability and to characterise the vegetation dynamics to
be developed in hydrologic and climate models.

Site description

The study area is in Apulia, the most Eastern
region of Italy overlooking the Adriatic and Ionian
seas, and it spreads across its Northern territory
including the Gargano promontory, the Tavoliere
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plain, the river basins Candelaro, Cervaro,
Carapelle, Ofanto and the reclamation ground of
Margherita di Savoia (Fig. 1).

The Gargano promontory has a geological matrix
that is exclusively limestone with high plains covered
in forest. Land use is very complex, with many perma-
nent meadows in the upper part, intermingled with
forest, mainly high forests and coppices, which cover
about 50,640 ha (Lovreglio et al. 2010).

The Apulian Tavoliere is the second largest Italian
plain, and agriculture is its first productive activity. It
includes arable lands producing cereals and vegetables,
olives (including century-old tree specimen), fruit or-
chards and vineyards, together with spontaneous vege-
tation typical of Mediterranean Macchia. The spacing of
trees is affected by local agricultural practices aimed at
maximising productivity and reducing disease exposure.
A marked differentiation exists between seasonal and
permanent vegetation (for instance between winter
wheat and olives). Seasonal wheat crops are usually
characterised by an almost complete vegetation ground
cover with a high root density and shallow root depth.
Instead, permanent tree crops, mainly olives, grapes and

citrus, have lower percentages of vegetation ground
cover, deeper roots and lower root density.

The site is characterised by Mediterranean heteroge-
neous climate with strong inter-annual variability and a
marked annual seasonality. Rainfall is distributed quite
irregularly over the year with average minimum value of
about 600 mm/year and peaks in the October—March
semester.

Data and methodology

The analysis was conducted on SPOT VGT time series
images at a spatial resolution of 1 km at nadir, for the
period 1999-2000. The VEGETATION (VGT) instrument
encompasses four spectral bands in the blue, red, near-
infrared and shortwave-infrared spectral wavelengths. The
orbit of the VGT sensor ensures daily global coverage of
the Earth’s surface with a 1-km footprint of the pixel in the
ground. The Vlaamse Instelling voor Technologisch
Onderzoek (VITO) routinely operates atmospheric and
angular corrections of reflectance data from SPOT-4/
VGT-I and SPOT-5/VGTII, which results in two 10-day
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Fig. 1 Study area in the North of Apulia (Italy)
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composite products (S10 and D10 data) delivered in a
Plate Carrée projection (WGS84 ellipsoid), at a spatial
resolution of 1/112° (Maisongrande et al. 2004).

Climatic data on monthly rainfall and temperatures
were provided by the Regional Agency for Hydrograph-
ic Monitoring (Servizio Idrografico—Regione Puglia)
and related to 66 rainfall gauges and 39 temperature
gauges, covering the period 1999-2000. Their
localisation is shown in Fig. 1.

SPOT VGT data processing

To facilitate the comparison of multi-temporal imager-
ies, it was necessary to register the data set in a single
map coordinate system, in this case Universal Trans-
verse Mercator projection (zone 33) and datum WGS84.

Each composite product consists of two 8-bit data
files: a digital number (DN) file to be converted into
NDVI and a status map (SM) file describing some
potential problems observed for the reflectance of each
band during the period of compositing (Hagolle et al.
2005). Using 12 years (from January 1, 1999, to De-
cember 31, 2010) of VGT data, we used VGT-S10

Carapelle river basin

1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Ofanto river basin

Mean LAI in space

Margherita river basin

Fig. 2 Time series of monthly LAI for the years 1999-2010
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products (10-day synthesis) that were compiled by
merging segments (data strips) acquired over 10 days.
These are mosaics of the acquired image segments,
where each pixel contains the best possible observation
during a 10-day period.

The VGT datasets were atmospherically corrected
through the use of SMAC software (Rahman and
Dedieu 1994; Passot 2000; Verbesselt et al., 2007),
which is a simplified implementation of the 6S method
(Vermote et al. 1997). The post-processing steps include
reprojection and reflectance calibration. The raw VGT
data are in Plate Carrée projection with a
0.0089285714° pixel resolution. In this study, data were
transformed and resampled using a nearest neighbour
operator into the UTM projection based on WGS84
spheroid at 1-km resolution within VGTEXxtract tool
created by VITO. Then, the Savitzky—Golay filter was
used to fill the gap (Chen et al. 2004; Atzberger and
Eilers 2011), reported in the status map (SM) file. A
status map indicating image quality, snow and ice, cloud
and cloud shadows was also delivered.

Three bands of SPOT-VEGETATION (red, NIR and
SWIR) were used in this study to form a vegetation

Candelaro river basin
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index named reduced simple ratio (RSR) and defined as
in (Brown et al. 2000)

(i

PSWIR™ PSWIRmin

RSR — PNIR
PRED

(1)

PswiRmax ~ PSWIRmin

where

PNIR> PrRED and pswir are the reflectance in NIR,
RED and SWIR band, respectively.

PsWiRmin ANd Pswirmax are the minimum and max-
imum SWIR reflectance found in each image and
defined as the 1 % minimum and maximum cut-off
points in the histograms of SWIR reflectance in a
wide scene.

In principle, the major advantages of RSR can be
summarised as follows:

The difference between cover types is very much
reduced so that the accuracy for LAI retrieval for
mixed cover types can be improved, or a single LAI
algorithm can be developed without resorting to a
coregistered land cover map as first approximation.
The background (understory, moss cover, litter and
soil) influence is suppressed using RSR because the
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SWIR band is most sensitive to the amount of
vegetation containing liquid water in the back-
ground (Brown et al. 2000).

By using RSR, the background value was no
longer needed. However, this does not mean that
the background effect was completely removed.
The extent to which the background effect is sup-
pressed depends on how well the minimum SWIR
represents reflectance for the whole scene. For LAI
calculations of cropland, grassland, tundra, barren
and urban, Chen et al. (2002) implemented the
following algorithm based on RSR:

LAI = RSR/1.3 (2)

Analysis of space—time patterns

The extensive database obtained by means of SPOT
VGT images allows for a comprehensive analysis of
LAI variability in time and space. With this purpose,
the first results are shown with reference to monthly
time series of spatial-average LAI. The charts in Fig. 2
report these time series of monthly LAI. The blue circles
represent the spatial average for each month in the
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Fig. 3 LAI monthly average in space and time+standard deviation in space and standard deviation in time
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period; the (vertical) red dashed lines indicate the month
of April of each year when the LAI maximum value of
wheat was observed. Consistently, the subplots relative
to Candelaro, Carapelle, Cervaro and Ofanto, basins
with a significative presence of wheat, showed their
annual maximum LAI in April throughout the whole
study period, with the only exceptions of years 2008 and
2010.

The graphs in Fig. 3 show a comparison of space and
time patterns. The blue circles indicate the monthly
average in time and space. The blue dashed line repre-
sents the standard deviation in time, over the observed
years, and the red dashed line represents the average
standard deviation in space, across the basin area.

The subplots show the general trend of LAI in the
hydrological year, characterised by a maximum value
in April for Carapelle, Candelaro, Ofanto and Cervaro
River Basins where the main production is wheat, in
March for Margherita River Basin where fruit trees
dominate the area and in May for Gargano River Basin
where natural vegetation is the most widespread fea-
ture; the LAI shows its minimum values in July and
August for Carapelle, Candelaro, Ofanto and Cervaro

Average

Standard deviation

River Basins, in May and June for Margherita River
Basin and in January and February for Gargano River
Basin.

It is interesting to note that the standard deviation in
space is generally greater than the standard deviation in
time denoting that the heterogeneity in land cover and local
effects usually prevails on the inter-annual climatic forcing.
This was regularly observed in the Gargano area where
natural vegetation prevails over agricultural species. On the
other hand in all other basins, where agricultural species
dominate, less variability was observed (i.e. less biodiver-
sity) and spatial variability was recorded as almost equal to
(sometimes overtaken by) variability in time.

Figure 4 shows the LAI cumulative frequency distri-
butions (CFD) for each basin and for each month of the
year for all the years of observation. The distributions
observed for the months of March and April are partic-
ularly scattered with a few years that reach rather high
values (for example 2008 and 2010). This may depend
on climatic factors such as rainfalls as well as anthropic
factors but also from bias and noise in LAI retrieval.

As a positive feature of the method used for LAI
estimation, which did not imply the use of calibration
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Fig. 5 LAl linear trends observed over the 12 years studied, obtained for each pixel annually
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A+ [%]
39.6

Ofanto
A [km?]
2803

A+ [%)
74.9

Margherita di S.
A [km?]

616

A+ [%]
452

Carapelle
A [km?]
987

A+ [%)
46.4

A [km?]

Cervaro
787

A+ [%)
65.5

Candelaro
A [km?]

2331

A+ [%]
65.9

Gargano
A [km?]

1427

A+ [%]
542

Table 1 Land use distribution in the study area and in areas (A+) with positive trend of annual average LAI

A [km?]

Study area
8951
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% of A+
18.9

% of A
20.8

% of A+

0.2

% of A
0.5

% of A+
34

% of A
9.4

% of A+
129

% of A

% of A+
8.2

% of A
10.6

% of A+
72.3
7.3

% of A
63.5

Land use

18.0
63.8
53

Natural vegetation (woods)

67.5 73.4 73.5 334 34.0 51.8 432
7.7 6.6 9.3

65.1

10.4 61.1

Wheat and other cereals

48.2 13.2 24.8

40.0

14.3 12.4 12.6

11.6

Fruit trees (olive, grape,

citrus, etc.)
Vegetables

8.0
4.0

8.5
4.0

14.7
1.7

1.1

14.2
9.6

11.7
1.6
0.6

7.7

8.4
22

7.6
2.8

9.4

33

9.4
4.5

0.8

7.2
5.7
1.6

1.9

1.1

4.7

Other vegetated areas

1.2

1.7

2.3

2.1 1.5 24 1.4

0.5

Urban areas

parameters, well differentiated distributions were obtain-
ed in the months of the wheat life-cycle and compact and
almost homogeneous distributions in the other months.

Following these preliminary results, an extensive
regression analysis was performed, considering the time
series of annual LAI values, for all pixels (I km?) in-
cluded in the study area.

The method of linear regression analysis is widely
used in vegetation dynamics detection with time series
data. If time ¢ is set as the independent variable with VI
value of each pixel for dependent variable, the slope of
linear regression is an effective index to quantify the
trend of vegetation dynamics in the study period. In
details, a positive value of the slope refers to a positive
trend of vegetation dynamics, which means increasing of
vegetation coverage or enhancing of vegetation activity,
whereas a negative value of the slope refers to a negative
trend of vegetation dynamics, which means decreasing of
vegetation coverage or weakening of vegetation activity.

The goodness of fit of the linear regression is provided
by the coefficient of determination R* which is in this case
equal to the square correlation coefficient () evaluated as

. cov(i, LAIL;) @)
-~ \/Var(i)Var(LAIL)

where i is the serial number of the year in the study period,
LAI is the LAI value in the year i, cov indicates the
covariance and Var is the variance.

Moreover, a significance test of vegetation dynamics
trend was conducted using the p value statistic with a
significance level of 0.05.

Figure 5 represents the linear trends observed over
the 12-year row studied, obtained for each pixel in terms
of LAI annual average, standard deviation and coeffi-
cient of variation (which is the ratio between the stan-
dard deviation and the mean). Both the average and the
standard deviation show a significant positive trend in
large areas, as confirmed by the maps of p value and R?,
especially in the valleys of the river basins studied and in
the Tavoliere plain. On the other hand, the coefficient of
variation does not show a similar increase, apart from a
reduced number of pixels. This implies that the great
majority of pixels have an increase in both mean and
standard deviation values of the annual distribution of
LAL

A remarkable percentage of the study area shows a
positive trend (about 54 %), which is widely and almost
homogeneously observed in the Tavoliere plain with
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Fig. 6 Observed time series of a spatial-average maximum LAI (observed in May) in the forest of the Gargano area and b total annual

rainfall in the same area
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Table 2 R’ and p value of linear correlation between maximum annual LAT and temperature

Study area Temperature Rainfall

Month R p value Month R’ p value
Gargano (forests) February 0.3428 0.0455 January 0.2854 0.0736
Candelaro (wheat) January 0.4547 0.0162 June 0.4056 0.0259
Cervaro (wheat) February 0.2273 0.1171 January 0.1985 0.1466
Carapelle (wheat) March 0.2644 0.0872 June 0.2548 0.0942
Ofanto (wheat) February 0.4484 0.0172 January 0.4804 0.0124
Ofanto (forests) February 0.7147 0.0005 January 0.3506 0.0425
Margherita di S. (fruit trees) January 0.2152 0.1769 July 0.2993 0.0656

maximum values of 75 % in the reclamation ground of
Margherita di S., followed by the Gargano and
Candelaro areas with 66 % (see Table 1).

The effect of land use on the increase of LAI was
analysed based on the land-use map of S.I.G.R.LLA.
(INEA 1999). To the purpose of this analysis, we used
a grid map with cells of 90 x 90 m. Gargano is the only
area where natural vegetation (mainly forest) domi-
nates the land cover map (63 %, see Table 1), while
agricultural vegetation mainly characterises all the
other basins. Wheat and other cereals are most wide-
spread in Ofanto (51.8 %), Candelaro (61.1 %),
Carapelle (73.4 %) and Cervaro (63.8 %) basins,
whereas fruit trees (40 %) particularly dominate the
area of Margherita di Savoia.

Table 1 also shows the areal land-use distribution for
the six areas shown in Fig. 1 and the percentage of the
same land-uses within the area (A+) with positive trend
of the annual mean LAI. The percentages of land-use in
the areas with positive trends shown in Table 1 substan-
tially mirror the dominant distribution of land-use ob-
served in the different areas; nevertheless, small differ-
ences between the percentage of land-use in the whole
basin and the percentage of land-use in the area with
positive trend were observed.

Based on the above observations, we focused our
attention on the land covers that mainly explain positive
trends, i.e. related to the Gargano area, shown in Fig. 5.
As shown in Table 1, about 72 % of the area with
observed positive trend of LAI is covered in forest
within the Gargano area. In the Ofanto Basin, forest
and wheat cover about 63 % of the area with positive
trend. In the Candelaro, Carapelle and Cervaro Basins,
wheat covers 65, 68 and 64 % of the area with positive
trend, respectively.
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These further analyses were carried out focusing on
the inter-annual behaviour of the maximum spatial av-
erage LAI observed for each year for the different land
uses, using the spatial average LAI observed in May for
forest and April for wheat.

A general increase was observed in the time se-
ries of spatial-average LAI (as in the case of the LAI
of forest in the Gargano area shown in Fig. 6a) in
terms of both natural and agricultural species, but
this cannot be simply related to rainfall amounts. In
fact, even considering that rainfall was characterised
by weakly increasing annual amounts in the same
12-year row (1999-2010), as shown in Fig. 6b,
against all expectations, no significant direct corre-
lation was found between the maximum LAI and
annual rainfall. Such result was also confirmed by
evaluating the cross-correlation after detrending the
maximum LAI and annual rainfall time series. No
significant autocorrelation was found in both maxi-
mum LAI and annual rainfall time series either.

In literature, similar results have also been reported in
other studies. Smettem et al. 2013 for instance observed
that the forest leaf area index in South-Western Australia
was not “tightly coupled to inter-annual variations in
rainfall”. Yet, such result cannot be considered as an
indicator of independence because a very low correla-
tion coefficient may also result from the presence of a
source of negative correlation, which would balance the
positive one. Therefore, we performed further analysis
in order to better assess the dependence of LAI on
rainfall or other climatic variables and also to further
explain the role of different land cover in the positive
trend of LAL

We performed several trial analyses in order to find
the main climatic factors affecting LAI, including the
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analysis of the correlation of the spatial-average LAI in
the month when the maximum value is reached with the
observed monthly and annual data of rainfall and
temperature.

We found that the spatial-average LAI behaviour in
time was affected by temperature more than by rainfall.
Interestingly, a significant correlation (see Table 2) was
found between maximum annual LAI and temperature
in February in Gargano’s forest and Ofanto’s wheat and
forest (as shown in Fig. 7b) and between maximum
annual LAI and temperature in January in the wheat
area of Candelaro. The correlation with respect to mean
annual temperature is always low (Fig. 7a). In fact,
January and February are crucial months in the vegeta-
tive period because they often provide the minimum
annual temperature.

We also found an important influence of rainfall by
considering the inter-annual increments of spatial-
average LAI, ALAI, defined as the difference between
the maximum value observed in any current year and the
one observed in the precedent year. Figure 8 provides
results of a simple regression analysis between ALAI
and rainfall amounts in January and February of current
years. Obviously, the rainfall amount in January and
February is a significant part of the annual rainfall
amount in the study area, and it may represent a per
cent fraction ranging from 5 to 30 % or more of the total
rainfall amount. Unlike for the annual rainfall amount, a
further analysis of the time inter-annual pattern of the
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rainfall amount in January and February did not detect
any significant trend. Although ALAI may be consid-
ered as a substantially detrended quantity, the quantity
of ALAI also has an interesting physical meaning being
it the measure of inter-annual vegetation turnover with
reference to the maximum leaf area extent. Figure 8
shows a polynomial of second order which highlights
that the relationship between LAI and rainfall is not
always monotonous. The value of R? ranges between
0.49 and 0.89. The relationship between rainfall and
ALAL is different above and below the critical rainfall
threshold of about 100 mm. In fact, ALAI shows a
positive correlation with rainfall for rainfall values be-
low or around the 100-mm threshold. When the rainfall
amount exceeds such a threshold, the correlation turns to
negative. This behaviour is commonly observed with
both natural (forest, see Fig. 8a, b) and cultivated
(wheat, see Fig. 8c—f) vegetation and is due to the fact
that January and February are crucial months for the
vegetative period because they are characterised by the
lowest annual temperatures and by a significant fraction
of the total annual rainfall amount.

Conclusion
Using a VGT S10 data set related to the years going

from 1999 to 2011, LAI variability was analysed in both
space and time finding crucial insights for the
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description of the hydrologic dynamics characterising
large parts of Puglia (Southern Italy). The high-quality
temporal and spatial resolution of SPOT VGT sensor
data provides significant contribution to land cover and
vegetation monitoring both at global and regional
scales.

LAl is an important state variable that can be used as
input or control variable in distributed hydrological
modelling. LAI distribution in space and time strongly
affects important processes such as interception and
evapotranspiration. LAI maps are also used as hydro-
logical products in order to monitor vegetation stress
and/or agricultural productivity.

Inter- and intra-annual variability depends on climat-
ic variables (annual and monthly rainfall amounts), land
cover and geomorphology, anthropic factors related to
agronomic practices.

As a general behaviour of LAI in the area, over the
decade studied, an increasing trend in annual average
LAI was observed. This trend generally showed in the
area independently from the land cover type (natural or
agricultural). While a general increasing trend was also
observed in rainfall annual amounts, the time series of
spatial average LAI and annual rainfall did not show
significant direct cross-correlation. This result is in line
with the worldwide recognised complexity in explaining
LAI variability which depends on several hydrologic
and physiologic factors. Nevertheless, a number of in-
teresting dependencies of LAI on climate factors were
also found when analysing different species (forest and
wheat) and focusing on the annual maximum spatial-
average LA recorded in May for wheat and in April for
forest. This supports the existence of a positive correla-
tion between the annual maximum spatial-average LAI
and the average temperature in the month of February
(annual-minimum monthly temperature). A significant
relationship between the annual maximum spatial-
average LAI and the rainfall amount observed in Janu-
ary and February was also observed. In particular, the
inter-annual increments of LAI strongly decrease in
years with heavy rainfall in January and February, and
such descending relationship begins when rainfall ex-
ceeds a threshold of around 100 mm. Below such
threshold, the relationship between LAI and rainfall in
January and February is generally ascending.

Such behaviour is observed in both natural and agri-
cultural species and may be explained because high
rainfall amounts obviously imply the persistence in
these months of low pressure atmospheric conditions,

persistent cloud cover and lower solar radiance on can-
opy cover, for it is well known in farming that the excess
of rainfall in January and February produces negative
effects on wheat production due to waterlogged areas
and flood damages. On the other hand, we believe that
many other physical and phenological interactions may
actually affect the vegetation development and inter-
annual turnover, which needs further investigation in-
volving a more specific analysis of agronomic and eco-
logical factors.
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