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Abstract

The study aimed at verifying the existence of stress induced on the functionality of natural ecosystems 
by particularly impacting anthropogenic activities. In detail, a methodology has been developed to 
evaluate any alterations in the phenology of plant species in areas surrounding sites defined by Italian 
legislation as “potentially polluted”. Specifically, the study areas located in Basilicata (southern 
Italy) were intended for municipal solid waste management activities and, at some stage of their 
management, Potential Toxic Elements (PTEs) concentrations were recorded above the thresholds 
permitted by the current legislation. The phenological trends of the vegetation were analyzed at 
gradually increasing distances from the centroid of the sites and then compared with points of the 
same type of vegetation, very distant from the sites, in areas that were not reasonably impacted by 
any contamination. The reconstruction of the phenological trends was carried out using Sentinel-2 
images approximately on a monthly basis from which the Normalized Difference Vegetation Index 
(NDVI) was evaluated. Finally, the trends between areas adjacent the sites and unpolluted ones were 
statistically analyzed using dissimilarity indices which led to the conclusion of the non-existence 
of effects induced by PTEs on the functionality of the vegetation.
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1. Introduction

Since the 1970s, the degradation and death of trees and forests have been reported from all continents [Schutt
and Cowling, 1985; McLaughlin, 1985; Clauser and Gellini, 1986, Cowling, 1986; Fluckiger et al., 1986; Kozlowski 
and Costantinidou, 1986; Krause et al., 1986; Gartner, 1987; Ciesla et al., 1994]. Specifically, the correlation between 
this vegetation decline and pollution phenomena was experienced in Germany towards the end of the seventies, 
when the term “Waldsterben” (forest death) was coined to describe the forest decay that was happening especially 
in the south of that country [Innes, 1993].
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Subsequently, the terminology that correlates forest decay with pollution phenomena was updated with the 
term “new type of forest damage” (“Neuartige Waldschäden”). A synergy of factors certainly contributes to causing 
this large-scale deterioration of forests, but in which the role of potentially toxic elements (PTEs) has already been 
highlighted by various authors [Johnson et al., 1990; Burton et al., 1986; Friedland et al., 1986; Hagemeyer and Breckle, 
1996; Herrick and Friedland, 1991]. PTEs, although present in a natural way, are introduced into the ecosystem in 
large quantities as a result of anthropic activities, mainly due, in recent decades, to the population explosion and 
the significant increase in industrialization processes [Jimenez-Ballesta et al., 2017; Petrotou et al., 2012]. Mining 
activities [Odumo et al., 2014; Boularbah et al., 2006], the use of fossil fuels [Karbassi et al., 2015; Rodríguez 
Martín et al., 2015], the industrial [Lv et al., 2015; Rodríguez Martín and Nanos, 2016] and agricultural sectors 
[Mirsal, 2004], waste disposal [Ghosh e Singh, 2005; Zhang and Hang, 2009; Guerrero et al., 2013; Igbinomwanhia 
and Ideho; 2014; Steffan et al., 2018] are the activities that most introduce heavy metals (HMs) into the environment. 
Often these elements persist over time, giving rise to bioaccumulation phenomena and causing stress, even after 
the cessation of human activities, which materialize in symptoms of suffering of living organisms [Kancheva and 
Borisova, 2007; Kancheva et al., 2005]. The latter result in alterations of communities, populations, organisms or 
parts or functions of living organisms [Bussotti and Ferretti; 1998]. HMs are in fact absorbed by plants and often, 
depending on the species and type of chemical element [Cheng, 2003; Rahman et al., 2007], accumulate in them 
causing problems not only for vegetation but also for human health if the bioaccumulation concerns species of 
food interest [Milton et al., 1989; Su et al., 2007; Sridhar et al., 2007; Shiyab et al., 2009]. HMs, in particular Cr, Mn, 
Fe, Ni, Cu, Zn, Cd, Pb, and Hg, [Brimer, 2011], can cause well-known problems in plants [Demirevska-Kepova, 2004; 
Xiong et al. 2014; Mathur et al., 2016; Mera et al., 2016; Ivanov et al., 2016; Pierart et al., 2015; Zaanouni et al., 
2018]. As, Pb, Cd and Hg, in particular, due to their high toxicity, frequency, and possibility of exposure to humans, 
are considered the elements of greatest danger [Arun et al. 2005; Singh and Kalamdhad 2011; Sabir et al. 2015; 
Liu et al., 2015].

The toxicity of HMs in plants has been widely documented for both natural herbaceous species and pastures 
[Llewellyn et al., 2001; Kooistraa et al., 2004; Minkina et al., 2008; Chaplygin et al., 2018], and cultivated species 
of food interest [Schreck et al. 2012; Austruy et al. 2013; Mandzhieva et al., 2016; Rahman et al., 2007; Wang and 
Liu, 2018; Liu et al., 2018]. There is also extensive documentation of the damage caused by HMs in shrub and tree 
species [Khalili et al., 2015; Martin et al., 2018].

Tree species can be considered an excellent tool for biomonitoring of metals due to their continuous growth, 
high biomass, extensive root system and low impact on the food chain and human health [Estrabou et al., 2011; 
Kovalchuk et al., 2001; Singh et al., 2005; Stankovic and Stankovic, 2013; Xu et al., 2014; Temmerman et a al., 2005; 
Patel et al., 2015].

The accumulation of HMs in tree leaves has been proposed by various authors to assess the quality of the 
environment and bioaccumulation flows [Tomaševič et al., 2008; Liu et al., 2007; Massadeh et al., 2009; Piczak et al., 
2003; Napa et al., 2017], so much that the use of trees as bioindicators was already known at the beginning of the 
70s [Smith, 1970].

The alterations caused on plants by high concentrations of HMs range from modifications of the protein and 
enzymatic structure of the cell membrane [Singh et al., 2015], to variations in the mechanisms of root absorption, 
to the alteration of the accumulation processes of reserve substances during germination [Wani et al., 2008]. These 
changes in biochemical processes ultimately result in changes in photosynthetic and transpiration processes 
[Carlson et al., 1975; Farooqui et al., 1995; Ekmekci et al., 2005] which in turn are expressed in morphological 
alterations ranging from the reduction of the leaf surface to the early fall of the leaves, to the increase in the 
crown transparency, and to the more frequent phenomena of chlorosis [Chatterjee and Chatterjee, 2000; Kabata-
Pendias, 2007; Chen et al., 2008; Lausch et al., 2017, 2018]. HMs also interfere with photosynthetic and respiratory 
processes, with nitrogen metabolism and the absorption of water and nutrients [Shahid et al., 2011, 2012, 2013, 
2014; Austruy et al. 2014; Hasanuzzaman et al., 2014], causing a reduction in the growth of both the hypogeal and 
epigeal part of plants [Zouari et al., 2016a e 2016b].

All these effects induced on the vegetation by the presence of high concentrations involve variations in the 
spectral reflectance characteristics of the leaves and crown, especially in the ranges of the electromagnetic 
spectrum interested in photosynthetic processes [Liu et al., 2012; Sanches et al., 2014 Huang et al., 2015] and in 
the near-infrared. Therefore, by exploiting multispectral [Dunagan et al., 2007; Guan and Liu; 2009; Chi et al., 
2011; Scudiero et al., 2015; Liu et al., 2016; Zhou et al., 2017] or hyperspectral data [Fu et al., 2013; Liu et al., 2010; 
Rumpf et al., 2010; Liu et al., 2011], satellite remote sensing (RS) can identify the morphological and functional 
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variations induced on the vegetation by contamination due to PTEs [Li et al., 2008; Choe et al., 2008; Chi et al, 
2011; Liu et al., 2017; Jin et al., 2017]. The traditional methods of identifying potential pollution, based on field 
surveys on soil and vegetation and subsequent laboratory analyzes, are very expensive and not applicable to large 
areas [Jin et al., 2015]. Therefore, RS represents a valid alternative method for monitoring any effects induced by 
contamination [Wei et al., 2013, Liu et al., 2015; Ren et al., 2008], being able to explore very large areas concerning 
the source of pollution and on a regular and very dense matrix (depending on the spatial resolution of the satellite 
image) and not simply on the few points of survey on the ground, usually very close to the source of pollution, 
according to the classical analyses. Vegetation Indices (VIs), namely the combination of two or more spectral 
bands in such a way as to minimize variations due to external factors, are often used for the analysis of vegetation 
variations [Huete, 1988; Broge and Leblanc, 2000; Ji and Peters, 2006; Zhang et al., 2018; Mancino et al., 2020; 
Zu et al., 2021] enhancing the reflectance of the vegetation. NDVI is the best known and widely tested VI capable 
of evaluating the parameters that are influenced by the presence of contaminants: chlorosis, phylloptosis with 
a consequent increase in the crown transparency, reduction of growths and biomass, etc. [Peñuelas et al., 1998; 
Slaton et al., 2001; Liu et al., 2017; Jin et al., 2017]. The models generally used are empirical or semi-empirical 
and correlate the spectral response of bands or VIs with the physiological or morphological conditions of plants 
[Liu et al., 2018], at a certain time of the year. Various studies in recent years have shown how the variations induced 
by PTE contamination can vary during the phenological cycle of plants [Wang et al., 2007; Zhao et al., 2011; Liu et al., 
2015; Singha et al., 2016; De Bernardis et al., 2016; Liu et al., 2017; Zhao et al., 2018], showing different effects at 
various stages of development. The use, therefore, of the phenological information allowed by the availability of RS 
data allows to identify any morpho-physiological stresses during the life cycle of the vegetation.

Starting from these assumptions, the main objectives of this work were:
a) reconstructing the phenological trend of vegetation through NDVI in areas surrounding potentially polluted 

sites, on concentric areas at variable distances from the potential source of pollution. The aim was to verify the 
existence of variations in the functional parameters of the vegetation as you move away from the source of the 
contamination;

b) to compare the NDVI values of the vegetation, as a function of phenology, between the areas surrounding the 
sites with areas of the same vegetation typology, very distant from those potentially contaminated.

The comparison of physiological parameters, detectable through NDVI, between areas close to the sites and areas 
very distant concerning the possible influence of contaminants but in similar ecological conditions (climatic and 
pedological), allowed us to evaluate statistically the existence or not of alterations of the vegetation near the sites 
due to the contaminants during the phenological cycle.

2. Materials and methods

2.1 Study sites

The study areas for identifying the phenological trends of the vegetation consist of areas surrounding sites 
reported by the Basilicata Region as “potentially polluted”. Such areas, currently abandoned and in the process of 
reclamation and restoration, have hosted municipal solid waste disposal activities over the years, starting in the 
early 1990s. The three study sites (for an exhaustive description of which see Mancino et al., 2022) are located in 
the north-western part of Basilicata (Figure 1), in the municipalities of Potenza (sites of Montegrosso-Pallareta 
and Vallone Calabrese) and of the neighboring municipality of Tito (site of Aia dei Monaci), respectively. The three 
sites share the fact that, in some phases of their management cycle, values of the monitored analytes were recorded 
above the threshold allowed by current legislation. In particular, the chemical elements out of range in some of the 
matrices analyzed (groundwater, surface water, soil) consisted of inorganic elements, especially iron, aluminum, 
nickel, lead, and selenium. The complex located in Aia dei Monaci (Tito) was first used as a landfill for municipal 
solid waste (MSW) from 1994 to 2004, when the authorized volumes were exhausted, and then as a waste transfer 
station for MSW, from 2007 to 2014. On the site of Montegrosso-Pallareta (Potenza), there is a complex of landfills 
whose work began in 1986 and that was responsible for waste disposal in May 1989. Since February 2009, it has 
housed an MSW transfer station inside of it. Nowadays, the activities of the waste transfer station are suspended. 
The former incinerator in Vallone Calabrese (Potenza), built between 1988 and 2003, only came into partial operation 
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at the end of 2005 with the start of the testing procedures, the “hot tests” of the industrial plants, pending the 
completion of the authorization process for the exercise. Up to that moment, the activity was provisional and never 
fully operational, which ended in 2007.

Figure 1.  Overview of the study areas. Map data: OpenStreetMap contributors, SRTM | Map style: OpenTopoMap (CC-BY-SA) 
accessed on 17 March 2022.

2.2 Satellite data

To reconstruct the vegetation phenology of the areas adjacent to the study sites, the RS images of the Copernicus 
programme were used, in particular Sentinel-2 data, which have the advantage (Table 1) of a fine geometric 
resolution in the visible and near-infrared ranges. Furthermore, the relatively high revisitation frequency (approx. 
2-3 days) generally allows a good time series to be available. The high repetitiveness, which results in 2-3 days at 
mid-latitudes, of the Copernicus Sentinel-2 mission is because it comprises a constellation of two polar-orbiting 
satellites (Sentinel-2 A e Sentinel-2 B, launched on June 22, 2015, and March 7, 2017, respectively) placed in the 
same sun-synchronous orbit, phased at 180° to each other.

The chosen survey year is 2017, therefore the images were identified that, in the various months, were of good 
quality and did not have cloud cover on the study areas. Due to the presence of cloud cover and poor image quality 
throughout the year, it was decided to identify one image per month (Table 2), all of which, however, were able to 
reconstruct the phenological trend of the various land use classes.

For some months (January, May, July, and November) it was not possible to identify quality images for the study 
areas as they all have very high cloud cover affecting these areas. Through the images selected, however, we were 
able to reconstruct the phenology of the vegetation types.

Sentinel-2 Level-1C, a Top-of-atmosphere reflectances (TOA) product, was downloaded, which was subsequently 
cloud-removed and atmospherically corrected, to obtain a Surface reflectance product (Level-2A). To remove the 
clouds from the Sentinel-2 scene, the IdePix (Identification of Pixels) algorithm was used, contained within ESA’s 
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Sentinel-2 Bands Central Wavelength (μm) Resolution (m)

Band 1 – Coastal aerosol 0.443 60

Band 2 – Blue 0.490 10

Band 3 – Green 0.560 10

Band 4 – Red 0.665 10

Band 5 – Vegetation Red Edge 0.705 20

Band 6 – Vegetation Red Edge 0.740 20

Band 7 – Vegetation Red Edge 0.783 20

Band 8 – NIR 0.842 10

Band 8A – Vegetation Red Edge 0.865 20

Band 9 – Water vapour 0.945 60

Band 10 – SWIR – Cirrus 1.375 60

Band 11 – SWIR 1.610 20

Band 12 – SWIR 2.190 20

Table 1. Geometric and radiometric characteristics of Sentinel-2 images.

Year Month Date of acquisition

2017 February 17/02/2017

2017 March 29/03/2017

2017 April 08/04/2017

2017 June 07/06/2017

2017 August 06/08/2017

2017 September 15/09/2017

2017 October 05/10/2017

2017 December 24/12/2017

Table 2. Sentinel-2 images used for the time series.
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Sentinel Application Platform (SNAP) data management software [Wevers et al., 2021]. Subsequently, the Sentinel-2 
images have been corrected with the Sen2Cor algorithm [Müller-Wilm, 2016a and 2016b] available within the SNAP 
application that allows atmospheric correction starting from the Top-of-Atmosphere (TOA) to obtain Bottom-of-
Atmosphere (BOA) images. The model is based on an atmospheric correction algorithm of satellite images based 
on a radiative transfer model and which also uses reflectance Lambert’s law.

Finally, the tiles were cropped on the study area in such a way as to include all three sites of interest and create 
the layer stacking for the subsequent temporal analysis (Figure 2).

Figure 2.  (a) Sentinel-2 layer stacking of the monthly images considered in the reconstruction of the vegetation phenology 
and (b) 8-11-2 band combination for the area of interest.

2.3 Analysis of phenology

For the analysis of the phenological trends of the vegetation and the spatial-temporal verification of any 
differences in the growth rates of the vegetation, a maximum area of 1 km radius was considered starting from the 
centroids of the various study sites, in consideration of the fact that physiological variations, in the various stages 
of growth, are evident in an area not far from potentially polluted sites [Atkinson and Curran, 1997; Huang et al., 
2016; Mancino et al., 2022].

Centroid buffers of the site (Table 3) were considered at a distance gradually increasing in the hypothesis that the 
effect of contamination by PTEs is reduced by moving away from the potential source of pollution. The aim, therefore, 
was to verify the existence or not, for the different types of vegetation, of differences in the functional efficiency of the 
vegetation depending on the distance from the sites, considering the degradation that the pollutants undergo from 
the point of emission to the surrounding areas following the transport routes [McGwire et al., 1993; Li et al., 2021].

Once the concentric areas were identified, a total of 300 control points for each site were selected, adopting a 
random-stratified criterion (Figure 3). The stratification took place considering the surface of the different annulus 
and land use/land cover (LULC), selecting the sample size in proportion to the areas occupied by the different land 
use types. It is therefore a stratified random sampling, in which the stratum is represented by the land use present 
in the buffers. Also considering the spatial resolution of the Sentinel-2 bands used (10 m), a minimum distance 
between the points of 15 m was set so that only one point could fall within one pixel.

For each sample point, the corresponding land use was identified using the Land Use map of the Basilicata Region 
and verifying its correctness through the visual analysis of the 2017 AGEA orthophoto. Finally, for the various sets of 
points grouped by land use classes, the mean NDVI value was extracted for the available months of Sentinel-2 images.
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Figure 3.  Sample points selected in concentric buffers for: (a) Aia dei Monaci, (b) Montegrosso-Pallareta, and (c)Vallone 
Calabrese.

The phenology was analyzed both on the entire area (radius of 1 km from the site’s centroid) and, separately, for 
the four buffers to verify the existence of significant differences in the physiological efficiency of the vegetation 
as we move away from the potential source of pollution. For the analysis of phenology, the NDVI index was used, 
given by the normalized difference of the red and NIR bands and which for Sentinel 2 images takes the following 
formulation (Eq. 1):

  (1)

NDVI is certainly the best-known and tested Vegetation Index (VI) and can identify the amount of biomass in 
plant formations [Yoder and Waring; 1994; Goetz and Prince, 1996; Myneni et al., 1997; Mancino et al., 2020] and 
morphological and functional variations, such as chlorophyll content, photosynthetic activity, leaf area index, 
chlorosis, crown transparency, etc. [Pettorelli et al., 2005; Li et al., 2014; Liu et al., 2015; Liu et al., 2016; Jin et al., 
2017] induced by HM contamination. NDVI is able to express the physiological stresses of vegetation during the 
various phases of its development [Daughtry et al., 2000; Pettorelli et al., 2005; Glenn et al., 2008; Jiang et al., 2017; 
Bachmair et al., 2018; Kang et al., 2021; Hu et al., 2021].

Buffer Internal radius (m) External radius (m)

1 0 200

2 200 350

3 350 500

4 500 1000

Table 3.  Buffer adopted in the analysis of phenological trends. The internal and external radius refers to the centroid of 
the site.
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Even in the hypothesis that the points detected in the buffer at a greater distance from the potential source of 
pollution could be considered points potentially not subject to contamination, to further corroborate the thesis, 
control points have been identified in areas very distant from the sites. Such points, selected within the whole 
considered spatial extent, fall into areas in similar conditions from an ecological point of view (altitude, slope, 
climatic parameters, etc.) concerning the areas adjacent to the sites of interest. The distance from the sites, and 
therefore the absolute impossibility of representing a target of potential contamination, makes these points 
considered as unpolluted reference points (URPs). For the selection of the URPs, the land use present both in the 
areas bordering the study sites (in the 1 km buffer) and throughout the entire survey area was taken into account 
(fig 2b). The area is mainly occupied (over 50%) by Broad-leaved forests (code 311) and by Non-irrigated arable land 
(code 211) for approx. 20%. Follow, in order of extension, Transitional woodland/shrub (code 324) which covers 
an area of approx. 12% and Natural grassland (code 321) for over 7%. Of lesser importance, in terms of extension, 
are Coniferous forests (312) and Permanently irrigated land (code 212), each of which covers an area of 2-3%. The 
unpolluted reference points were selected in an almost proportional way to the areas of various land use types, 
selecting a total of 95 points.

The seasonal trends of NDVI were therefore compared, considering all the points falling within the 1 km buffer, 
stratified by land use, with the phenology of the URPs belonging to the corresponding land use classes.

To verify the significance of the difference in phenological trends between URPs and areas contiguous to the 
sites, a statistical analysis was carried out using indices able to measure the dissimilarity between time series [Esling 
& Agon,2012; Wang et al., 2012]. Specifically, Euclidean Distance (ED), Cross correlation based distance (ccor), Short 
time series distance (STS), and Autocorrelation-based Dissimilarity (ACF) were used.

ED (Eq. 2) computes the Euclidean distance between a pair of numeric vectors of the same length:

  (2)

where:
𝑥 = numeric vector containing the first time series.
𝑦 = numeric vector containing the second time series.

Cross correlation based distance computes the distance measure based on the cross-correlation between a pair of 
numeric time series [Liao, 2005; Pree et al., 2014].

The cross-correlation (Eq. 3) based distance between two numeric time series is calculated as follows:

  (3)

where  is the cross-correlation between 𝑥 and 𝑦 at lag 𝑘.
The summatory in the denominator goes from 1 to lag.max. Given this, the parameter must be a positive integer 

not larger than the length of the series.
Short time series distance (STS) computes the short time series distance between a pair of numeric time series. 

STS is designed especially for series with an equal but uneven sampling rate [Möller-Levet et al., 2003]. However, it 
can also be used for time series with a constant sampling rate. It is calculated as follows (Eq. 4):

  (4)

where
𝑥 Numeric vector containing the first time series.
𝑦 Numeric vector containing the second time series.
𝑡𝑥 If not constant, a numeric vector that specifies the sampling index of series x.
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𝑡𝑦 If not constant, a numeric vector that specifies the sampling index of series y.
𝑁 is the length of series 𝑥 and 𝑦 and the summatory goes from 1 to one minus the length of the series.
𝑡𝑥 and 𝑡𝑦 must be positive and strictly increasing. Furthermore, the sampling rate in both indexes
must be equal:

Autocorrelation-based Dissimilarity (ACF) computes the dissimilarity between a pair of numeric time series 
based on their estimated autocorrelation coefficients [Galeano and Pella, 2000].

The Autocorrelation-based Dissimilarity index [Galeano and Peña, 2000; Lei and Sun, 2007; Diaz and Vilar, 
2010; Montero and Vilar, 2014] calculates a dissimilarity measure between two-time series based on their estimated 
autocorrelation functions (ACF) to consider the dependence structure of time series. More in detail, considering 
uniform weights, it is calculated as the Euclidean distance between ACF (Eq. 5):

  (5)

where ρX and ρY are respectively the estimated autocorrelation vectors of the time series X and Y for some R such 
that ρXi ≈ 0 and ρYi ≈ 0 for i < R. r = 1, …, R refers to lag of X and Y time series.

3. Results

The phenological trend for the year 2017 was therefore reconstructed for the various types of land use falling 
within the three areas of interest. Such trends are subdivided according to the distance from the centroid of the 
potentially polluting site (Figure 4).

For Aia dei Monaci (Figure 4a), the trend of “Arable land in non-irrigated areas”, basically attributable to wheat 
and secondarily or to other cereals (as shown by digital datasets on the RSDI Basilicata Region geoportal), evaluated 
on the entire study area is the expected one and follows the phenology of such species in the Mediterranean climate. 
The phenological trend, for the different buffers, shows a very limited variability, probably due to the absence 
of variations as a function of the distance from the potentially polluting area. The seasonal trends are almost 
overlapping but also the differences for the different dates are very limited and attributable, where they exist, to 
different local fertility conditions (altitude, exposure, soil characteristics).

For the “Broad-leaved forest”, both the trends and the NDVI values achieved in the various months are in line 
with those expected and no significant differences are highlighted. The only exception is represented by buffer 1, 
in which the mean NDVI values are strongly below the values recorded in the other buffers. What might seem an 
anomaly resulting from a problem of eco-physiological efficiency, is instead due to differences in the plant species 
involved, as better described in the next paragraph.

Even the “Natural grasslands” in Aia dei Monaci, attributable to the grazing areas, present in buffers 1, 2, and 4 
do not show anomalous trends that can be attributed to the effect of potential pollution. The phenological trends 
are those expected with higher NDVI values in the autumn and spring months and with a strong reduction in the 
summer months. Among other things, the NDVI values of the pasture areas of the 1st buffer are generally more 
sustained than the buffers further away from the site, demonstrating the non-existence of vegetation stress due to 
the landfill activity. The “Transitional woodland-shrub” consists of generally sparse tree stands in which the shrub 
component plays a fundamental role in terms of abundance/dominance. This is evidenced by the trends of NDVI 
over the years, more similar to pastures and tree pastures than to proper forests. The considerable variability both 
in terms of species composition and density leads to a certain variability within the buffers but is attributable to 
natural effects. Buffer 1 has higher values in the autumn-winter and spring months as evidence that the spatial 
variations in terms of NDVI are due to the typology or structure of these stands.

For the Montegrosso-Pallareta site, the phenological trends of the different land use and for the different buffers 
are shown in Figure 4b. The “Non-irrigated arable land” does not have significant spatial differences such as being 
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Figure 4.  Phenological trends of different land use classes, subdivided by buffer, for the considered case studies: (a) Aia dei Monaci, (b) Montegrosso-Pallareta and (c) Vallone Calabrese 
(class description: 211—Non-irrigated arable land, 311—Broad-leaved forest, 312—Coniferous forest, 321—Natural grasslands, 324—Transitional woodland-shrub).
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able to trace these to potential effects of pollution. The NDVI increases with increasing distance from the site but 
the effect is attributable to local characteristics. By crossing the data, in fact, with the morphological layers (altitude, 
slope, and aspect) it clearly denotes how as you move away from the site, the altitudes and slopes tend to decrease, 
as well as the aspect (in the southern quadrants) they are more favorable to the crop species which registers, in 
these conditions, higher productivity values. For the “Broad-leaved forest,” there is a perfect agreement on both 
the trends and NDVI values, between the different buffers, in particular buffers 1, 2, and 3. Only buffer 4 has the 
same trend but significantly higher values. Moreover, as better specified in the discussions, the differences between 
trends are due to the presence of different tree species with various levels of productivity.

A similar argument concerns the “Coniferous forest”, namely reforestations realized in different years (and therefore 
with a different stage of development) around this study site. The forest fire mentioned above mainly affected the 
reforestation of conifers present in buffers 1, 2, and 3, causing an abrupt decrease of the NDVI values, while it did not 
affect the reforestation present in buffer 4. This justifies the close analogy of the trends and values of NDVI in the first 
three buffers and of the difference with the values and in the trends of buffer 4. The wildfire occurred on 21 and 22 July 
2015, and affected a large area, approx. 60 ha, involving the area to the south and east of the landfill. It was a high 
intensity fire that required the intervention of aircraft for its extinguishing. It involved both grasslands and scrubby 
pastures and a considerable part of the coniferous forests, mainly Pinus halepensis, in the areas closest to the landfill.

For the “Natural grasslands”, the situation is similar to that of the Aia dei Monaci site and the “Non-irrigated 
arable land” of this same site: the differences, not statistically significant, are due to the type of pasture and the 
quantity of biomass present in relation to the local conditions. The pastures in better conditions, and therefore with 
higher NDVI values, are present in buffer 4, where there are lower altitude and slope values than the other buffers.

The “Non-irrigated arable land” in Vallone Calabrese (Fig. 4c) does not present significant spatial differences. The 
values and trends are almost similar. Buffer 1 even records values that are always higher than the other buffers, as 
evidence of the non-existence of a vegetational stress effect as a result of anthropogenic activity in the study site.

Also for the “Broad-leaved forest” and the “Transitional woodland-shrub” there are no significant spatial patterns. 
The slight differences between the different buffers are simply due to the different types of species present in the 
different areas. Oak forests always have higher NDVI values than chestnut groves (although the differences are 
limited) and both with values, as found in other sites, significantly higher than in the “Other broad-leaved” category.

To further corroborate this conclusion, the analysis of NDVI seasonal values and trends for the different land use 
categories was also conducted on points very distant from the sites of interest (Figure 5). Basically, the average values 
of the VI were compared considering all the pixels of the entire area of the three sites (falling within the 1 km buffer), 
stratified by land use, with other areas, very distant from the sites but in similar ecological conditions (altitude, 
slope, pedology, climate, etc.). These points can be considered as URPs, i.e. areas where the potential effect of the 
pollutants introduced into the environment by the specific activities of the three sites is not affected in any way.

To verify the significance of the difference in phenological trends, some statistical indicators of dissimilarity 
of the time series were used (Table 4). The statistical indicators of dissimilarity used in the analysis are expressed 
in terms of distance between two-time series, thus they potentially range from 0 to infinite. A high indicator 
value indicates a great level of dissimilarity between the time series being compared, while 0 indicates perfect 
similarity/correlation.

For the Aia dei Monaci site, the comparison between the phenological trends of land uses included within the 
1 km buffer and the URPs is shown in Figure 6.

The trends show that, for all land use classes, there is no substantial difference between the areas within the study 
site and the URPs of the same categories selected in a large area outside the potential effect of pollutants. For all land 
uses, even the average NDVI values for the various months reach slightly higher values at the Aia dei Monaci site, 
further confirming the non-existence of vegetation stress in the areas bordering the site of the former Tito landfill.

The statistical analysis of trend dissimilarities confirms the concordance of phenological trends between the 
areas bordering the sites and those of the areas very distant from them (URPs): all the indices used, in particular ED 
and ccor, show a greater concordance for “Broad-leaved forest” and “Natural grasslands”, although also the trends 
of “Non-irrigated arable land” and “Transitional woodland-shrub” do not show significantly different phenological 
trends. For the Montegrosso-Pallareta site (Figure 7), the phenological trends between the white areas and those near 
the sites do not show significant differences both in terms of “Non-irrigated arable land” and “Natural grasslands”. 
Significant differences, on the other hand, are noted for the forest areas, both the “Broad-leaved forest” and 
the “Coniferous forest”. These differences, however, as previously mentioned, and as will be discussed later, are 
unequivocally due to external factors with respect to PTEs pollution.
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Figure 5. Land use map and URP identification.
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Aia dei Monaci

Land use Land use class code ED ccor STS ACF

Non-irrigated arable land 211 0.288 0.524 0.156 0.416

Broad-leaved forest 311 0.120 0.155 0.084 0.121

Natural grassland 321 0.164 0.474 0.099 0.095

Transitional woodland/shrub 324 0.130 0.632 0.062 0.298

Montegrosso-Pallareta

Land use Land use class code ED ccor STS ACF

Non-irrigated arable land 211 0.103 0.379 0.083 0.241

Broad-leaved forest 311 0.439 0.878 0.168 0.760

Coniferous forest 312 0.293 0.786 0.076 0.468

Natural grassland 321 0.131 0.493 0.065 0.340

Vallone Calabrese

Land use Land use class code ED ccor STS ACF

Non-irrigated arable land 211 0.194 0.431 0.132 0.176

Permanently irrigated land 212 0.352 0.621 0.196 0.500

Broad-leaved forest 311 0.609 1.433 0.250 1.006

Natural grassland 321 0.201 0.792 0.154 0.388

Table 4. Dissimilarity indices for each study site and for different land use classes.

Figure 6. Comparison between the phenological trends of various land use classes, in areas near Aia dei Monaci and the URPs.
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Figure 7.  Comparison between the phenological trends, for the various land uses, of the areas bordering the Montegrosso-
Pallareta site and the URPs.

All statistical indices of dissimilarity confirm that “Non-irrigated arable land” is the land use class that shows 
greater agreement in phenological trends, followed by “Natural grasslands”. Both broad-leaved and coniferous 
forest, on the other hand, show significantly different trends. The indices, with the exception of STS which proved 
to be the least performing index in all situations, show higher dissimilarity for “Broad-leaved forest”, followed by 
“Coniferous forest”. For the site of the former incinerator of Vallone Calabrese, the comparison with the URPs is 
shown in Figure 8. Also in this case there are no substantial differences in phenological trends, especially for “Non-
irrigated arable land”, while the “Irrigated arable land” near the site show NDVI values that tend to be higher than 
the URPs.

Figure 8.  Comparison between the phenological trends, for the various land uses, of the areas bordering the Vallone 
Calabrese site and the URPs.
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The statistical indices of dissimilarity (Table 4) confirm that the phenological trends of non-irrigated arable 
crops show the highest agreement among land uses types. The trends relating to “Natural grasslands’’ also show 
statistically insignificant differences due to the different density attributable to the different fraction of the shrub 
component, as highlighted by the visual analysis of the AGEA 2017 orthophotos.

Instead, very marked differences, statistically significant, are recorded for the phenological trends relating to the 
“Broad-leaved forest”, to be traced back, however, to the different types of forest stands which have very dissimilar 
density values, as will be discussed later.

4. Discussions

For the broad-leaved forests in Aia dei Monaci, both the trends and the NDVI values achieved in the various 
months are consistent with those expected and there are no significant differences. The only exception is represented 
by buffer 1, in which the average NDVI values for broad-leaved forest (Fig. 4a) are strongly below the values recorded 
in the other buffers. What might seem an anomaly to be traced back perhaps to a problem of eco-physiological 
efficiency is instead due to the type of tree vegetation present in this buffer. Broad-leaved forests are, in fact, a 
broad category of possible forest types, very different from a compositional and structural point of view, therefore 
the hypothesis was that the differences could be due not to the potential effects of pollution but to a compositional, 
structural, and functional biodiversity that affects the reflectance characteristics.

The intersection between the buffers and the fourth level Land Use map, which specifies the different forest 
types, highlights how the “Other mesophilous and meso-thermophilous broad-leaved forests” (3113 class code) 
fall into buffer 1, while the broad-leaved forest attributable to the other buffers are attributable to “Deciduous oak 
forests” (3112 class code). Class 3113 (Figure 9) essentially consists of shrub and tree stands with decidedly lower 
density values than oak forests and which therefore have lower NDVI values, especially during the growing season.

Figure 9. Phenological trend of broad-leaved forests classes for the Aia dei Monaci site.

For the Montegrosso-Pallareta site, for the “Broad-leaved forest” (Fig. 4b) there is a perfect agreement on the 
trends, and the NDVI values, between the different buffers, especially between buffers 1, 2, and 3. Only buffer 4 shows 
the same trend but significantly higher values. This is essentially due to two factors: the fire that occurred in July 
2015 which affected part of the broad-leaved forest of buffers 1, 2 and 3 and which therefore caused a significant 
decrease of the NDVI values and the presence, in buffer 4, of a different type of deciduous trees. In particular, while 
in buffers 1, 2, and 3 there are “Other mesophilous and meso-thermophilous broad-leaved forests” (3113), in buffer 
4 there are mainly stands attributable to “Deciduous oak forests”. The latter have significantly higher NDVI values 
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than the mesophilous broadleaves, which are, in the case in question, due to thermophilous shrubs and riparian 
vegetation.

The analysis becomes even more explicit by comparing the broad-leaved forest, disaggregated into subclasses 
3112 (“Deciduous oak forests”) and 3113 (“Other mesophilous and meso-thermophilous broad-leaved forests”), 
falling into the buffer at 1 km with those of the URPs (Figure 10).

Figure 10.  Comparison between the phenological trends of broad-leaved forests classes between the areas bordering the 
site of Montegrosso-Pallareta and the URPs.

The substantial differences, which are denoted by class 311 (Broad-leaved forest), are due to the presence in 
the areas close to the Montegrosso-Pallareta site of “Chestnut groves” (code 3114). These are chestnut coppices 
subjected to forest harvesting, as the photo-interpretation of the AGEA 2017 orthophoto has allowed us to ascertain, 
which caused a sharp lowering of the NDVI values as a result of the cutting down trees. Comparing only the 
“Deciduous oak forests” class (code 3112), it is possible to verify that there are no substantial differences between 
the stands near the site and those very far from it.

Even in the case of the Montegrosso-Pallareta site, there are no anomalies on the vegetation trends, such that 
they can be traced back to eco-physiological stress as a result of pollution phenomena.

For Vallone Calabrese, there are no significant spatial patterns for the “Broad-leaved forest”. The slight differences 
between the different buffers are simply due to the different types of species present in the different buffer areas. 
Oak forests always have higher NDVI values than chestnut groves (although the differences are limited) and both 
with values, as found in the other sites, significantly higher than the category “Other mesophilous and meso-
thermophilous broad-leaved forests”. The latter, in fact, show high variability in terms of tree cover: within the 
buffer at 1 km of the site, these stands have poor coverage values and therefore significantly lower NDVI values 
than the URPs (Figure 11).

Furthermore, the decrease of the NDVI values of the “Broad-leaved forest” class is due to the contribution of the 
“Chestnut groves” subclass within the site (Fig.11). The latter shows a sharp drop in NDVI values after the month 
of June due to a tree cut, as evidenced by both the time-series analysis and the visual interpretation of the 2017 
orthophotos.

Figure 11. Comparison between the phenological trends of broad-leaved forests near the Vallone-Calabrese site and in URPs.
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5. Conclusions

The analysis of the spatial differences of the vegetation trends relating to the year 2017, for the three study 
sites, does not show significant differences as the distance from the site increases. The starting hypothesis is that 
the effect on the vegetation of any pollution due to PTEs reduces with the distance from the potential pollutant 
source. Furthermore, the comparison between the phenological trends of the areas near the potentially polluting 
sites and those of the same land uses, in similar ecological conditions, but very far from the sites and therefore such 
as to be considered URPs, does not show any substantial differences, statistically significant, in term of seasonal 
growth rates.

The adopted methodology allows to identification the presence or absence, relative to the year of interest, of 
stress induced on the vegetation, correlated with the waste disposal activities, such as to affect the physiological 
efficiency of the vegetation and, therefore, on functional alterations of the same.

Thus, the time-series analysis of phenological trends of vegetation could be applied to the numerous 
sites (almost 400) reported as “potentially polluted” by the Basilicata Region (http://rsdi.regione.basilicata. 
it/geoserver/www/bonifica/index.html) to verify the existence of degradation processes of the natural ecosystems 
surrounding these sites. The usefulness of such an approach consists of the fact that a cost-effective decision 
support tool is available that can be used in an initial evaluation/screening phase of the sites to be subjected to 
environmental remediation.

Ultimately, such a methodology implemented in this work can be generalized and exported to other territorial 
contexts and for any other anthropic activity or natural event that is believed to represent, both locally and on 
a large scale, a stressor such as to affect the functional efficiency of the vegetation. For this purpose, it could be 
interesting to compare, using the methodological procedure of the present study, the phenological trends elaborated 
with NDVI and those elaborated using other Vegetation Indices, particularly suitable for identifying vegetation 
stress. In particular, it could be interesting to test, in comparison to NDVI, the significance of indices capable of 
analyzing phenology (e.g.: NDPI, Normalized difference phenology index), the water content of the canopy (e.g.: 
NDWI, Normalized difference water index), the amount of non-photosynthesizing biomass compared to the amount 
of total biomass (e.g.: NDTI, Normalized difference tillage index), or the chlorophyll content (e.g.: S2REP, Sentinel-2 
Red-Edge Position Index; IRECI, Inverted Red-Edge Chlorophyll Index, etc.). Finally, the analysis of the phenological 
trends elaborated on longer historical series could provide more robust results, as the variations of NDVI due to 
meteorological fluctuations would be taken into greater consideration.
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