APPENDI X
Land-use/land-cover composition of Apulia region

Overall, more than 82% of Apulia contains agro-gstams (Figure 1). The northern and somewhat
the central part of the region include arable [a(3®8%) producing cereals and vegetables, while
extensive century-old olive groves (22.6%), fruitltards and vineyards (6.4%), and heterogeneous
agricultural areas (13.3%) dominate the centralsmdhern Apulia. Major towns and small urban
settlements account only for 3.8% of the entir@alatural habitats are unevenly distributed with
major forested areas (7.3%) concentrated in thg&ar peninsula. Small remnants of xeric oak forests
are interspersed with olive groves, shrub and loexdnas vegetation associations (1.4%) and permanent
pastures (5.2%) in Dauno (northwest) and Murge Apess (southwest).

Normalized Difference Vegetation Index (NDVI) from MODIS data

In their comprehensive study spanning the wholegdlaver the course of 18 years (1982-1999),
Young and Harris (2005) demonstrate that vegetati@amges indicated by NDVI are fairly consistent
with significant published works (e.g. Walther £t2902; Parmesan and Yohe 2003) on recent
environmental changes. To authenticate the seigitif NDVI to vegetation changes for the Apulia
region, before it was used further for change detecwe used monthly NDVI averages for some
land-cover categories in Apulia, based on randamp$zs of 250 pixels for each land-cover, from
MODIS 32-day composites with a 500-m pixel resant{Barnes et al. 2003; NASA 2007). Data used
span from January 2001 to January 2006, i.e. sutnem MODIS project started. We chose broad land-
cover categories from the Corine land cover mamahaarable lands, permanent cultivations (mainly
olive groves) and natural habitats like semi-aeddaceous associations (mainly grasslands, garigue
and steppes) and forests, differentiating amongrabareas to appraise NDVI ability to indicateithe
annual trends and to choose the best timing fonghaetection (Figure Al).

As expected, NDVI averages showed rather distindtaaracteristic seasonal inter-annual
periodicities for each of the broad land-use/landetr categories corroborating well-known vegetation
changes in Apulia given by seasonal variationdimate and water regime as well agricultural
practices. Mean NDVI paths of land-use/land-coegasate most of all during the hot and dry
summers owing to drought most affecting semi-arasglands (e.g. in Murge), and to a lesser degree
olive groves as they are moderately irrigated (f@gAll). Trends also highlight the strong vegetation
activity of large natural forests in the Gargandidiaal Park in summer, and agricultural practicks, |
e.g. sowing, growing, harvesting, and fire. Spuwwady these results on the sensitivity of NDVI to
vegetation changes for Apulia, we proceeded fuiithesing NDVI for change detection. Although
MODIS imagery does not cover all the period of iese (1997-2001), we reasonably assumed the
same NVDI trends occurred previously, and the geoiomiddle-end of June of the late growing
season was chosen for change detection (Figure Al).

Change detection is needed since inter-annual sabN®V| paths (Figure Al) reproduce average
differences among land covers, but do not accaurttfanges and/or gains or losses in each land-
cover type.
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Fig. A1. NDVI monthly means from 2001 to 2006 for Apuliao(fh Italy) for four broad land-
use/land-cover classes, as derived by MODIS imafigaynes et al. 2003), available only since the end
of 2000. Trends are based on random samples gbiB& for each class. Standard errors are very
small and are not shown.

Landsat image processing and change detection

Six cloud-free Landsat Thematic Mapper 5 (TM) and Enhanced Thematic Mapper Plus (ETM+)
images with a 30-m pixel resolution in the samequakof vegetation phenological cycles at two
different years, i.e. June 1997 and June 2001, bege processed to describe the pattern of change i
Apulia (Table Al). For each of the six cloud-freanidsat Thematic Mapper 5 (TM) and two Enhanced
Thematic Mapper Plus (ETM+) images registratioadsieved by a first order polynomial function
derived by a common set of a number of ground obptiints and a base map of the region. Inter-
image spatial error given by the maximum root megumare error (RMSE) is about 9 m. Raw Landsat
data are converted to at-satellite reflectanceguseader coefficients prior to atmospheric coroecti
with a dark subtract procedure (Chavez 1988). Tdradsat ETM+ NDVI image has been transformed
to values matching the Landsat TM NDVI images usidigear transformation between images based
on overlapping areas (with the lowest10.97). Finally, all NDVI scenes were mosaickettj areas

like lagoons, costal wetlands, seawater and sialhds masked. Both single image composites
showed quite distinct and similar NDVI values togh shown in Figure Al for broad land covers.

Year 1997 2001
Path Row Date Elevation Date Elevation
(dd-mm, hh:mm) (degree) (dd-mm, hh:mm) (degree)
189 31  15-06,9:10  60.78 26-06, 9:21  62.06
188 31 24-06, 9:04 60.58 27-06, 9:74 63.39
32 24-06,9:04 61.02 27-06,9:74  63.99
187 32 17-06, 8:58 61.22 28-06, 9:09 62.46
" Landsat TM 57 Landsat ETM+ 7

Table Al. Characteristics of Landsat Thematic Mapper (TM) handsat Enhanced Thematic Mapper
Plus (ETM+) images used for the change detectiokpodia (South Italy).



For change detection, a new raster image of thel4exel NDVI standardized differences is derived
for the entire region corresponding to the map-gédr change intensity deviations from the mean
intensity of change including both NDVI gains anddes (Zurlini et al. 2006). To capture real
deviations, we define a threshold of change toinladinary (disturbed, undisturbed) map. This
choice is arbitrary since more or less of the mépbe classified as disturbed if a different threkl is
used. For both real and simulated cases, we s#trghold corresponding to relatively extreme
percentiles of 5% in both tails of the distributi@m®. overall 10%, i.eRPy= 0.1) of NDVI standardized
differences. By doing so, we reduce the chancaalyaing either the pattern of “background noise”
that could be obtained with much higher (e.qg., 4p&Yentiles, or of emphasizing few local extreme
values (e.g., 1% or less).

Moving windows and disturbance trajectories for Apulia sub-regions (SELS)

Starting from the standardized change detection (@iapurbance map) of Apulia, we “cut off” smaller
maps corresponding to the geographic sub-regiottsedirst nested hierarchical level (i.e., prowdagc
Figure 1). We then proceed, within the first lexst,“cutting off” further smaller geographic subbsu
regions corresponding to the second nested hiecatdbvel (i.e., counties, Figure 1). Next, we tise
moving window algorithm to measure the composities) and contagionRyg) of disturbance for
pixels corresponding to the four land use clas§ablé 1) and map the results.

We apply the moving window algorithm to the distambe map, with ten window sizes, in pixel units,
of 3x3, 5x5, 9x9, 15x15, 25x25, 45x45, 75x75, 11Bx1165x165, and 225x225, spanning from 0.81 to
4556.3 ha. Those window sizes are found to beldyitantained in all SEL surfaces in the panarchy
after experimenting with different alternatives. 8loninate edge effects, we used only locationsseho
largest corresponding windows fit fully within tle&tent of each SEL, whereas for smaller SELs like
counties we used also any location window fittintjyfwithin the county area. We then derive, foclea
window size and nested sub-region, the average asitign and contagion, to group locations over a
range of window sizes according to land-use clasBewlly, we plot the resulting trajectories &ach
land use in theHqy, Pyg] pattern state space along with the CP pertireeaith sub-region in the
panarchy. Given the inherent spatial autocorratadiocomposition and contagion, we derived
estimates of standard error by randomly samplir@l&6ations within each land use or cluster, both i
real and simulated maps. Standard errors are weajl and are not shown in the relevant figures.

Oddsratios

The odds ratio is defined here as the ratio obthds of an event like total disturbed pixels owtalt
undisturbed pixels which, for instance, make up rince, to the odds of the same event making up
the SEL of reference like, e.g. the entire regkor. example, suppose that, from change detectih, 3
pixels are disturbed out of 1,000 making up on&ipiae nested in the region, so 650 pixels are
undisturbed. In addition, suppose that 1,000 astied out of 10,000 pixels making up the whole
region. So 350/650 is the odds of a province ggtiisturbed pixels, and for the region, it is
1,000/9,000. Calculating the odds ratio (350/65@)@00/9,000) 4.85, the province results almost
4.85 times as likely to get disturbed pixels asrdggon. An odds ratio of 1 indicates that the éven
equally likely in both SELs, while an odds rati@gter than 1 indicates that the event is moreyikel
the numerator SEL (e.g., province). Typically lodde ratios are used taking the natural logarithm of
the odds ratio which improves symmetry in large gas) so the sampling distribution of the log-odds
ratio is roughly normal and the difference betw#entwo proportions can be evaluated (Agresti



1996).
Generating neutral landscape patterns

We use the RULE software (Gardner 1999) to genesiatalated random, multifractal and hierarchical
landscape pattern maps of size 1024 x 1024 pmisrePy was fixed to 0.2 to get a congruous
number of observations in the percentiles. In thtifractal model, the degree of spatial clumpiag i
adjusted (RULE parametét) to produce disturbances that are either relatigielpersed| = 0.1) or
aggregatedH = 0.3). For the hierarchical model, the RULE pagtars describe the number of units
(m) at each level, and the fraction of disturbed unifs)(at each level. We test one three-level map for
which (m, p;) = (16, 0.5), (8, 0.5), and (8, 0.8) and one texel map for whichry, p;) = (16, 0.8), (4,
0.25) and (16, 1.0) (Zurlini et al. 2007).

On each simulated mapBy andPyy are measured using the same ten window sizesfoiseshl maps.
As the clusters dPq trajectories are similar to clustersiyf; for the real landscapes (Zurlini et al.
2006), we incorporated information about the clumgpf disturbanceRy,) after the clusters are
identified based oRy values alone. To this end, we calculated the gefa value for all pixels
contained within each cluster, for each window sizee clustering is performed using the Rsrmaps
for each simulated map, with an unsupervisegdeans algorithm (Legendre and Legendre 1998) as we
did for clustering real locations (Figure 2). Regizing that any clustering solution is at leasttlyar
arbitrary, we specify the identification of eightisters to conform to the clustering solution aédpt
for real landscapes (Zurlini et al. 2006). By vatof the coherent differential responses of eight
clusters in the state space, we have confidentéhtdaiesults are not spurious, but rather are
informative about many interesting features of kuaghe pattern. The averdgeandPyy values of the
pixels in each of the eight clusters are then dated at each of the ten window sizes providing a
trajectory of each cluster at multiple scalesRg Pqq] Space.

In particular, for simulated hierarchical mapstulisance domains seem to describe local features
(e.g., the edges of patches) and convergenceamebdtbecause these local features are distributed
more or less uniformly over the map (Zurlini et2007). For those patterns, the average linearofate
increase of disturbance contagion across scalesdtance, of less disturbed clusters (C1 andat?2)
three hierarchical levels (Figure A3, bottom), aeey high AP km™ about 0.26) up to the rope where
Pqsa = 0.58. Hierarchical-like patterns are only fodadcertain sub-regions in Apulia with highly
contrasting contagious source and sink areas (d@tlial. 2007).

For multifractal maps, disturbance domains alsonseedescribe local features like, e.g., the cofes
patches which are distributed contagiously ovemtlag so that convergence is obtained only
asymptotically for the ideal window exactly equalkhe entire geographic region. In this case, lag
distances of disturbance contagion appear moressrdqually distributed across scales, and the
domains of disturbance seem to describe also coawvexoncave edges. Transitions to local patterns
generally exhibit second-order stationarity on redunodel maps, except for hierarchical models, but
not on real maps.



1
d
Random Map 7
0.9 1| —¢—C1 (12.5%) ad
—a—C2 (14.6%) e
0.8 1| —a—C3(14.6%) 7
7
= —o— C4 (13.6%) e
& 071 | o c507.6%) p
[
S —A— C6 (8%) o
'g 061 o 7 (11.2%) 7
g o [ X CB.9%) s
.
8 X //
8 ’ CP simulation
2 0.4 // .
g d 7
pe e D? //
= X z
E- 0.3 ) e
[a) e 05 e
s P
0.2 e il
gp //
/7
0.1 4 0
e 0 05 Pyyt
A
0 ‘

08 0.9 1

0 01 02 03 04 05 06 07
Disturbance configuration (P y)

1 3 5 7 1 2 3 4 5 6

In(window size) In(window size)

Fig. A2. Disturbance trajectories for eight clusters attipld scales (ten window sizes)nverging
towards a regional convergence point (CP) and sitrgjectories oPy4 andPgyy for random landscape
patterns (adapted from Zurlini et al. 2007). Thecpatage of pixels belonging to each cluster iggiv
in the legend (see text). The inserted figure shibvslistribution of CP for 1.000 simulated random
landscapes for disturbance ranging from zero @edisturbance) to 1 (i.e., fully disturbed).
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Fig. A3. Disturbance trajectories for eight clusters attipld scales (ten window sizes)nverging
towards a regional convergence point (CP) for rumultifractal landscape patterns (adapted from
Zurlini et al. 2007. The percentage of pixels bgiag to each cluster is given in the legend. Single
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Fig. A4. Disturbance trajectories for eight clusters attipld scales (ten window sizes)nverging
towards a regional convergence point (CP) for Inedriaal landscape patterns (adapted from Zurlini et
al. 2007). The percentage of pixels belonging ttheduster is given in the legend. Single trajaetor

of Py andPyq are given at the bottom of each neutral model.



