
Ecological Indicators 144 (2022) 109548

Available online 11 October 2022
1470-160X/© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Original Articles 

A GIS-based multicriteria decision analysis to reduce riparian vegetation 
hydrogeological risk and to quantify harvested biomass (Giant reed) for 
energetic retrieval 

L. Sciuto a,*, F. Licciardello b, A.C. Barbera b, G. Cirelli b 

a International Doctorate in Agricultural, Food and Environmental Science – Di3A – University of Catania, Italy 
b Dipartimento di Agricoltura, Alimentazione e Ambiente (Di3A), Università degli Studi di Catania, Via S. Sofia, 100, Catania 95123, Italy   
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A B S T R A C T   

The vegetation development in riverbeds creates obstructions to the regular water flow with the flooding hy-
draulic risk increase. Giant reed (GR) (Arundo donax L.) is one of the most successful invasive species of riparian 
ecosystems in Mediterranean semi-arid climate conditions, with significant public administrations costs for its 
removal and disposal. At the meantime, due to its high biomass yield and adaption capacity to several conditions, 
GR is a very promising no-food crop to produce biogas by the anaerobic digestion (AD). The research activity 
provides for the involvement of territories belonging to the inner areas of Sicily, especially Calatino one, in which 
the SIMBIOSI Consortium operates an AD plant fed with agricultural by-products from other close agro-industrial 
companies. The aim of the study was to map and to quantify the actual spatial distribution of GR in watercourses 
embankments through Remote Sensing (RS) techniques applied in a Geographic Information System (GIS) 
environment. In this regard, a method based on the automatic supervised classification, was applied on three 
different combinations of spectral bands (True Color Image – TCI; Near-Infrared, Green and Blue – NGB; 
Vegetation Red Edge – VRE) of Sentinel-2 satellite images related to the summer season (11th August 2019), with 
the aim of identifying the most suitable classification to map the GR. The results showed that the VRE compo-
sition is the most accurate combination of spectral bands for the identification of GR, followed by the NGB image. 
The worst performance was obtained by using the TCI combination. A further elaboration was carried out 
combining the three classified images, in order to obtain a more accurate localization and quantification of GR. 
The final thematic map allowed to correctly classify GR for the 46 % of the cases, with an overall accuracy of 
85.02 % and a high Kappa Coefficient of Agreement value equal to 0.81. Finally, the surface covered by GR in the 
study area (computed in the GIS environment) was about 2 km2 and the estimated GR biomass, available for the 
biomethane production, obtainable from watercourses embankments maintenance interventions would amount 
to about 11,780 tons year− 1. The study could contribute to the development of a watercourses maintenance plan 
with the aim to reduce the risk of streams flooding in valley areas and at intersections with infrastructure works. 
Furthermore, the proposed methodology can be used by stakeholders in marginal areas, for the watercourses 
management, offsetting its costs through the energy use of the collected biomass.   

1. Introduction 

According to the Water Framework Directive (WFD) (2000/60/EC) 
the protection and the enhancement of water bodies ecological status is 
of paramount importance for promoting sustainable water use (Carvalho 
et al., 2019; Todo & Sato, 2002). Its main objective is to achieve a good 
status of all aquatic ecosystems, surface water and groundwater bodies, 
respecting certain standards for the ecological, chemical and biological 

quality of waters. The European Environment Agency (EEA) reported 
that the quantity and quality of about 60 % of surface water bodies, due 
to many pressures, were failing to reach a good ecological status (Eu-
ropean Environment Agency, 2018). The river basin management is an 
appropriate instrument to reduce pressures on European freshwater 
integrating and balancing environmental, social and economic changes. 
In this sense, in 2009, some progress has been reached with the 1st River 
Basin Management Plans (RBMPs). However, the improvements have 
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been not accomplished with the original expectations. For this reason, 
the 2nd RBMPs which will cover the 2016–2021 period includes new 
measures able to achieve the Directive’s objective readily. Additionally, 
there is an increasing recognition that measures undertaken in river 
basin management should offer multiple advantages, across sectors. To 
this end, the European Commission has already started to evaluate the 
WFD through a “Fitness check” on the Water Framework Directive and 
the Floods Directive (European Commission, 2017). An evaluation 
process on the “Blueprint to Safeguard Europe’s Water Resources” also 
taken place (European Commission, 2012), highlighting the need for a 
marked improvement and an increased integration of WFD goals into 
other policy areas, such as the Common Agriculture Policy (CAP), the 
Cohesion and Structural funds and the policies on renewable energy, 
and transport and integrated management of floods and droughts. 

Within this framework, riparian vegetation plays a multifunctional 
role in different hydraulic, sedimentological and ecological processes 
reducing erosion, stabilizing stream banks, controlling water quality and 
enriching the habitat and aesthetic values of the streams (Forzieri, 2012; 
Lama et al., 2021a; Meixner et al., 2006; Naiman et al., 1993). Unfor-
tunately, the vegetation development in riverbeds creates reduction of 
flow velocity aggravating floods hydraulic risk (Li et al., 2022; Recchia 
et al., 2010). As a consequence, it is important to plan the correct 
management and maintenance interventions to reduce hydrogeological 
risk, especially in urban areas in which extreme precipitation events 
have severe impacts due to land use change and population growth 
(Mahmood et al., 2017). In many cases the costs of cutting and removing 
the vegetation are unsustainable, and the disposal of biomass is a sig-
nificant burden with the economic resources of public administrations. 
Therefore, it is necessary to evaluate the possibility of reusing biomass 
from the mowing of watercourses embankments for energy purpose, in 
order to recover at least a part of vegetation management costs and to 
create new economic opportunities in the floodplain areas for energy 
production (Forzieri, 2012; Recchia et al., 2010; Rockwood et al., 2004). 

In this regards, giant reed (GR) is one of the most successful invasive 
species of riparian ecosystem in semi-arid climate conditions, enough to 
be included in a list of the 100 World’s worst alien species (Lowe et al., 
2000; Pilu et al., 2013). It is considered a hydrophyte plant capable to 
alter the natural drainage of channel causing the risk of streams flooding 
(Jiménez-Ruiz et al., 2021; Spencer et al., 2013). Despite it shows the 
traits of invasive plant species, GR has aroused the interest of the sci-
entific community for its best potential in the EROEI value (Energy 
Returned On Energy Invested) in comparison with other energy crops 
(Pilu et al., 2012; Pilu et al., 2013). This is due to its great adaptability to 
different pedoclimatic conditions in combination with the high biomass 
yield and the low input required for its growth (Borin et al., 2013; Corno 
et al., 2014; Pilu et al., 2013). Numerous studies reported that in semi- 
arid climate conditions the GR average production ranges between 21 
and 51 t ha− 1 (Angelini et al., 2009; Antal, 2018; Barbagallo et al., 2013; 
Barbagallo et al., 2014; Borin et al., 2013; Mantineo et al., 2009). Ac-
cording to several authors, taking into account the positive traits, GR 
could be considered a very promising no-food crop to produce biogas by 
the anaerobic digestion (AD) (Barney & DiTomaso, 2008; Corno et al., 
2014; Crosti et al., 2010; Ge et al., 2016; Pilu et al., 2013). 

The literature reports numerous case studies, all over the world, 
where Geographic Information System (GIS) based methodologies 
combined with statistical data are used to quantify and to localize bio-
masses for energy purpose, including agricultural and harvesting resi-
dues, industrial waste and by-products from industrial production and 
processes (Cai et al., 2008; Kumar et al., 2015; Pantaleo et al., 2013; 
Roberts et al., 2015; Valenti et al., 2018a; Yanli et al., 2010). However, a 
limited number of studies used Remote Sensing (RS) techniques inte-
grated with GIS tools to detect in an automatic way the spatial distri-
bution of the riparian vegetation with the aim to quantify its availability 
for biogas and biomethane productions. For instance, Dillabaugh & King 
(2008) performed a classification process employing Ikonos multispec-
tral and panchromatic images to identify the riparian marshland 

composition and the biomass along the Rideau River in eastern Ontario. 
Forzieri et al. (2010) applied a supervised pixel-based approach to 
detect and to monitor the riparian vegetation over a 14-km stretch of the 
Sieve River using both QuickBird images and LIDAR data (Light 
Detection and Ranging). Also, Everitt et al. (2008) used QuickBird and 
SPOT 5 multispectral satellite images to map GR along the Rio Grande 
River near Del Rio in southwest Texas. In recent times, Lama et al. 
(2021b) studied the riparian vegetation impacts on flow resistance 
mapping the presence of aquatic vegetation (Arundo donax L.) along an 
abandoned drainage channel located in Nola (Campania, Southern Italy) 
by using multispectral images acquired through Unmanned Aerial Ve-
hicles (UAV), in order to estimate the bulk drag coefficient on the basis 
of Leaf Area Index (LAI) map derived by an Normalized Difference 
Vegetation Index (NDVI) assessment. 

On this basis, the aim of this work is focused on the enhancement and 
sustainable reuse of the biomass from watercourses embankments for 
bioenergy production by the AD, in order to mitigate the risk of streams 
flooding and to support maintenance interventions costs given the lack 
of a supply chain (80–100 € per tons, personal information). The main 
novelty of this study is represented by the integration of the environ-
mental and economic advantages of GR harvesting, especially in the 
inner areas of Sicily characterized by heightened phenomena of climate 
changes causing water scarcity, droughts and flood hydraulic risk in-
creases, typical of the Mediterranean environment mostly in the last 
decades. Particularly the studied area (Calatino) is often subjected to 
floods due to the wide distribution of GR along the watercourses em-
bankments. However, the significant availability of by-products from 
the close agro-industrial companies and the presence of a biogas plant to 
reuse in a sustainable way residues from harvesting, recovering the 
management vegetation costs, and to reduce some environmental im-
pacts could become a real opportunity for this territory. As reported by 
Kumar Khanal et al. (2021), in fact, one of the key factors for the 
bioconversion of feedstock is the microbial community chosen for the 
initially inoculation of reactors essential for starting the AD process. 
Biogas plants are supplied with various types of inoculum from agri-
cultural residues with multiple and active microorganism, which affect 
the digestion process performance (Alavi-Borazjani et al., 2020; Kumar 
Khanal et al., 2021; Valenti et al., 2018b). 

Specifically, the objective of this study was addressed by mapping 
the actual spatial distribution of GR along watercourses embankments, 
through Geographic Information System (GIS) environment using the 
Remote Sensing (RS)-based classification algorithm, with the aim to 
quantify the amount of GR available for both biogas and biomethane 
production. Compared to the previous studies, we introduced a new 
approach based on the combination of different spectral band compo-
sitions in order to improve the accuracy of the final GR mapping. 

2. Materials and methods 

2.1. Study area 

The research was carried out in the inner area of Sicily “Calatino” 
(Italy); it covers eight Sicilian municipalities (Caltagirone, Grammi-
chele, Licodia Eubea, Mineo, Mirabella Imbaccari, San Cono, San 
Michele di Ganzaria and Vizzini) belonging to the Catania province. The 
activity was conducted in collaboration with SIMBIOSI Consortium, that 
operates, within the municipality of Mineo, an AD plant fed with agri-
cultural by-products from other close agro-industrial companies. 
Biomass samples for the quantification of GR yield were harvested in an 
area along the Caltagirone riverbanks (Fig. 1). 

The stream, with a length of 26.47 km, rises in close proximity to the 
Caltagirone municipality and flows into the Monaci river, that is the 
main right bank tributary of the Gornalunga river, which in turn is one of 
the main watershed of Simeto river. The Caltagirone watershed has an 
area of 199.64 km2 (at the junction with the Ferro river, pouring into the 
Monaci river) and a perimeter of 100.63 km, with an elevation ranging 
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from 90.07 to 688.27 m above the sea level; the mean elevation is 
321.50 m and the mean basin slope is 14.67 % (Fig. 2). 

Table 1 summarizes the main morphometric characteristics of the 
Caltagirone watershed basin, resulting from a spatial analysis performed 
using a Digital Elevation Model (DEM) with 20×20 m resolution in the 
GIS environment. 

The Calatino territory is located in a semi-arid climate area charac-
terized by climate changes causing extreme precipitation events with 
flood hydraulic risk increases, especially in the last few years. The ter-
ritory is equipped with several weather stations managed since 2002 by 
the SIAS (Sicilian Agrometeorological Information Service), able to re-
cord different variables, including rainfall, temperature and humidity. 
In order to compute the area of influence of each weather stations, a GIS- 
based spatial analysis was performed to identify the one that provides an 
adequate spatial coverage of the area under study. In particular, the 
Thiessen polygons method, also known as Voronoi polygons, was used to 
assign an areal significance to weather variables recorded as point 
values (Fig. 3). 

The spatial analysis showed that the Caltagirone weather station 
polygon cover a larger area of the Caltagirone watershed with respect to 
the Mineo weather station, providing a spatial coverage of about 124,01 

km2 corresponding to 62.12 % of the whole basin area. Considering the 
location of the study area falling within the Caltagirone weather station 
zone of influence and the upstream position of the latter with respect to 
the biomass harvested site, the meteorological data recorded by this 
station were taken into account for the elaboration of this study. 
Moreover, the Caltagirone weather station recorded higher rainfall 
depth than the one of Mineo (based on the data recorded during the 
period 2002–2021) with a mean annual rainfall of about 675.43 mm and 

Fig. 1. (a) Calatino area, with the boundaries of the involved municipalities, and SIMBIOSI Consortium in the red circle; (b) company area and localization of 
anaerobic digestion plant in the yellow circle; (c) embankements of the Caltagirone river. (For interpretation of the references to color in this figure legend, the reader 
is referred to the web version of this article.) 

Fig. 2. Location of the Caltagirone catchment in the inner area of Calatino (Eastern Sicily, Italy).  

Table 1 
Morphometric characteristics of Caltagirone catchment.  

Parameters Value 

Area (km2)  199.64 
Perimeter (km)  100.63 
Main pathway length (km)  26.47 
Maximum altitude (m)  688.27 
Minimum altitude (m)  90.07 
Mean altitude (m)  321.50 
Altitude difference (m)  598.20 
Main pathway slope (%)  2.26 
Mean basin slope (%)  14.67  
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613 mm respectively in the two stations, allowing to consider the worst 
case scenario. As regard the temperature, the discussed time span was 
characterized by a mean annual temperature of 17 ◦C, ranging from a 
minimum of 8.19 ◦C up to a maximum of 26.90 ◦C, with a relative hu-
midity of 38.67 %. Meteorological data, including mean annual rainfall 
and temperature, recorded by the weather station located in the terri-
tory of Caltagirone are reported in Fig. 4. 

Numerous rainfall events occurred in the Calatino area, in the last 
year, although not all of extreme intensity caused significant phenom-
ena of flooding hydraulic in valley areas and at intersections with 
infrastructure works. The main cause was the uncontrolled vegetation 
development in river beds and its inadequate management at the hands 
of the public administration (i.e. basin authority, consortium of recla-
mation), resulting in a significant reduction of the hydraulic section and 
river floods. 

The precipitation event occurred on the 11th November 2021 caused 
the Caltagirone river flood with severe damages to access routes, in-
frastructures and cultivated fields. In Fig. 5 are illustrated the rainfall 
probability curves for return periods of 2, 5, 10, 20, 50 and 100 years of 
the Caltagirone pluviographic station related to the data recorded from 
1930 to 2015 and the event occurred last November. The graph in Fig. 5 

shows that this is not a significant event, considering that only for a 
three hours’ duration ranks near the return period of 2 years; in all other 
cases is always below establishing itself as a more frequent rainfall 
event. 

2.2. A GIS-based analysis to assess the spatial distribution of Arundo 
donax L 

The methodology carried out to identify and to quantify the surface 
covered by giant reed (GR), was based on the integrated use of Remote 
Sensing (RS) techniques and Territorial Information System (SIT) (able to 
easily process satellite data and to extract information about an object or a 
phenomenon of the real world) (Shanmugapriya et al., 2019).The prin-
ciple behind RS is the possibility to discriminate the Earth’s features, such 
as soil, vegetation and water, by the radiometric behavior that distin-
guishes them. In this regard, a method of “pattern recognition”, based on 
the automatic supervised classification, was applied on three different 
combinations of spectral bands (True Color Image – TCI; Near-Infrared, 
Green and Blue – NGB; Vegetation Red Edge – VRE) of Sentinel-2 satel-
lite images (Table 2) related to the summer season (11th August 2019), 
with the aim of identifying the most suitable classification to map the GR. 

Fig. 3. Polygons method identified by the thiessen method in the study area.  

Fig. 4. Meteorological data, mean annual rainfall and temperature, recorded by the Caltagirone weather station (2002–2021).  

L. Sciuto et al.                                                                                                                                                                                                                                   



Ecological Indicators 144 (2022) 109548

5

2.2.1. Input dataset 
In this study Sentinel-2 images were used to perform the automatic 

supervised classification, since are free, full and open data accessible to 
all users with a high spatial resolution and a high revisit frequency. The 
Sentinel-2 mission allows to measure the Earth’s reflected radiance in 13 
spectral bands in the range of Visible (VIS), Near Infrared (NIR) and 
Short Wave Infrared (SWIR), with a variable spatial resolution from 10 
to 60 m according to the different bands. In this work, the remote sensed 
images were employed with the original spatial resolution (10 m for VIS 
and NIR, 20 m for VRE) without applying any downscaling method. 
Moreover, the use of Level 2A images was preferred because they are 
already atmospherically corrected in contrast to Level 1C images. The 
decision to use this product type is also related to the consideration that 
its bands are more appropriate for vegetation analysis, due to its 
wavelength sensibility to the chlorophyll content and the phenological 
state, in addition to its better spatial resolution in comparison with other 
satellite images (Chaves et al., 2020; Praticò et al., 2021; Sánchez- 
Espinosa & Schröder, 2019). 

2.2.2. Classification process 
Free data from Sentinel missions (https://sentinel.esa. 

int/web/sentinel/home) were used in GIS environment to carry out 
supervised pixel-based classification of land cover based on the employ 
of different compositions images, in order to identify the best input 
image that allow to reach the highest accuracy. Since, in this study, were 

utilized satellite images with 10–20 m spatial resolution, a pixel-based 
approach is recommended rather than an object-based one, given that 
the size of the detected object is smaller than the pixel resolution 
(Praticò et al., 2021). The pixel-based approach is a spectral method that 
analyses the spectral information of each pixel with the aim of identi-
fying the objects within images (Arcidiacono & Porto, 2012). For this 
purpose, based on physical proprieties, it is necessary to distinguish the 
information contained in the satellite images into classes or categories, 
in such a way that the degree of similarity is high between elements 
belonging to the same category and low between elements belonging to 
different categories. Taking into account the characteristics of the study 
area other six land cover classes to perform the classification, in addition 
to GR, were defined. The additional land cover classes were citrus or-
chards (CO), non-irrigated arable land (NAL), wood vegetation (WV), 
water (Wa), bare soil (BS) and greenhouses (Gh). Hence, the supervised 
classification allowed to classify pixels of unknown identity on the basis 
of areas with a known land use, called training areas (Bogoliubova & 
Tymków, 2014; Enderle & Weih, 2005). 

Fig. 6 shows a summary of the methodology followed in the study. In 
brief, the methodological approach proposed consisted of three main 
steps: (i) a training phase, to select carefully a representative homoge-
neous set of pixel for each thematic class, called Area of Interest (AOIs), 
whose numerical information is processed in order to extract a unique 
spectral signature for each categories; (ii) an assignment phase, to 
employ the decision rule developed in the previous phase, by means of a 
classification algorithm, to associate a label of the thematic classes to all 
the pixels in the image; (iii) a validation phase, to evaluate the accuracy 
of the resultant thematic map, through the comparison between the 
labels assigned to the pixels during the classification process and a set of 
validation pixels, named as ground truth. 

Once land cover classes were identified in the study area, it was 
necessary to select, for each of them, a certain number of AOIs, also 
called training pixels. The greater the number of AOIs picked for each 
category, the more typical is the spectral signature as capable of 
grasping the intrinsic variability to each of them. The set of spectral 
signatures obtained represent the training sample, necessary to make the 
classifier able to recognize the objects characterized by the same spectral 
response of the detected AOIs and to associate them with the correct 
thematic class. According to Ma et al. (2015) and Praticò et al. (2021) 
the final classification result is affected by the choice of training pixels, 
closely related to those of validation pixels, that is one of the highly 
crucial steps in the whole process. In truth, a conventional method to 
select training and validation pixels does not exist, but commonly the 
ratio between them is 70/30 (Gudiyangada Nachappa et al., 2020; 
Tsangaratos & Ilia, 2016). The validation pixels were defined by using 

Fig. 5. Rainfall probability curves for different return periods of the Caltagirone pluviographic station (data by the Osservatorio delle Acque, 1928–2015) with the 
placement of the event occurred on 11th November 2021 (data by the SIAS, 2021). 

Table 2 
Spectral bands combination employed in the automatic supervised 
classification.  

Spectral bands 
combination 

Band 
number 

Description Central 
wavelengths 
(mm) 

Spatial 
resolution 
(m) 

True Color Image 
(TCI) 

4 Visible Red  664.99 10 
3 Visible 

Green  
559.0 10 

2 Visible Blue  492.1 10  

Near-Infrared, 
Green and Blue 
(NGB) 

8 Near- 
Infrared  

832.9 10 

3 Visible 
Green  

559.0 10 

2 Visible Blue  492.1 10  

Vegetation Red 
Edge (VRE) 

5 Red Edge  703.8 20 
6 Red Edge  739.1 20 
7 Red Edge  779.7 20  
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photointerpretation based on satellite images of Google Earth 
(https://www.google.com/earth/) and ground-based observations. The 
observation points of known coordinates detected directly at the field 
were selected according to the seven thematic classes previously 
defined, in order to improve their spectral signatures typicality. A total 
number of 2,304 pixels were surveyed; about 70 % of them (1,622 
pixels) was selected as training pixels and about 30 % (682 pixels) was 
used as validation pixels. As soon as the classifier was trained, the su-
pervised classification was launched. A statistical based classification 
algorithm, named as Maximum Likelihood (MLC), was employed to 
associate a label of the defined thematic classes to all the pixels in the 
image. During the classification process, the classifier performs a com-
parison between the statistical value of each pixels and each informa-
tional class, in order to assign every pixel to a specific thematic class for 
which the statistical distance, measured as mean and covariance, is less 
(Sisodia et al., 2014). Therefore, the smaller the statistical distance, the 
greater is the probability of pixel belonging to a category. MLC is based 
on Bayesian decision rule (Sisodia et al., 2014), which can be expressed 
as follows (Equation (1)): 

P(v|Ci ) = (2π)−
N
2 |Yi|

− 1
2exp

{

−
1
2
(v − Zi)

T
}

Y − 1
i (v − Zi) (1)  

where P(v|Ci ) denotes the probability of finding a particular pixel at 
position v in each of the classes Ci, Zi is the mean vector and Yi is the 
covariance matrix of the data class in Ci. 

The final product of this step was a thematic map containing the 
information related to all thematic classes. The described classification 
process was repeated for the three different combinations of spectral 
bands previously defined. 

2.2.3. Statistical assessment 
For each final product of the classification process an accuracy 

assessment procedure to analyses the quality of the thematic maps 
produced through the automatic supervised classification was per-
formed. The error matrices related to each classification were imple-
mented to represent maps accuracy, comparing information from 
validation points, known as ground truth, with information on classified 
images. 

The confusion matrices were used to compute some accuracy mea-
sures (AMs) able to offer information about the quality of the classifi-
cation: Overall Accuracy (OA), User’s Accuracy (UA) and Producer’s 
Accuracy (PA). According to Congalton & Green (2019) the OA (%) is 
the ratio between the number of correctly classified pixels (nii) and the 
total number of pixels included in the error matrix (n) (Eq. (2)). In 
contrast to OA, the UA and PA concern to the classification accuracies of 
each thematic class. The UA is given by the ratio between the numbers of 
correctly classified (nii) and all classified pixels in a specific class (ni+) 
(Eq. (3)), while the PA is obtained by dividing the number of correctly 
classified pixels (njj) and the number of validation pixels in a given class 
(n+j) (Eq. (4)). 

OA =

∑k
i=1nii

n
(2)  

UA =
nii

ni+
(3)  

PA =
njj

n+j
(4) 

Another measure of the classification accuracy, named as Kappa 

Coefficient of Agreement (K̂), was evaluated. Kappa values range 

Fig. 6. Workflow applied for performing the automatic supervised classification by using Sentinel-2 images in a Geographic Information System (GIS) environment.  
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between 0 and 1, showing the highest agreement for values close to 0.75 
and the lowest agreement for values close to 0.4. The following relation, 
elaborated by Bishop et al.(1975), was used to compute K̂ (Eq. (5)): 

K̂ =
N
∑r

i=1Xii −
∑r

i=1XiX+i

N2 −
∑r

i=1Xi+X+i
(5)  

where r is the number of rows and columns in error matrix, N is the total 
number of observation, Xii is the total number of pixels present in the 
major diagonal and Xi+ and X+i are the marginal total of rows and of 
columns respectively. 

Once the accuracy was evaluated, it was necessary to combine the 
classified images in order to improve the localization and the quantifi-
cation accuracy of the GR class, considering as valid just the pixels 
classified in all three different combinations of spectral bands as GR. 
This was helpful to overcome one of the limit of the automatic super-
vised classification process that is to distinguish classes or categories 
characterized by a very similar spectral response, such as different types 
of vegetation. This depends not only on the types of land cover, but also 
on the acquisition period of the remote sensed images used during the 
classification process that, in this work, is related to summer season. As 
the acquisition period varies, the climatic conditions and consequently 
spectral responses of the objects under study vary. The quality of the 
obtained final thematic map was also evaluated through the accuracy 
assessment procedure. 

2.3. By-products availability to feed anaerobic digester in the study area 

Considering the flood hydraulic risks increase associated with the 
wide distribution of GR along the watercourses embankments in the 
Calatino area and the presence of the biogas plant, it was necessary to 
estimate the availability of by-products, essential for starting the AD 
process. A GIS-based spatial analysis was carried out to evaluate the 
available amount of by-products from the close agro-industrial com-
panies to feed the biogas plant managed by the SIMBIOSI Consortium. 
Due to the strong economic impact for their removal and disposal, the 
possibility of reusing the agricultural, food and livestock waste for 

energy production provides an opportunity for the farmers to reduce the 
management costs and to participate in achieving environmental ben-
efits. The criterion that allowed to discriminate the suppliers of by- 
products is the geographical proximity between producers and con-
sumers, measured in kilometers, to promote the Short Food Supply 
Chain (SFSC) sustainability goals. To assess the numbers of the available 
agro-industrial companies and their by-products, the considered dis-
tance between producers and consumer (the SIMBIOSI consortium) was 
70 km from the latter. Thereby, the potential supplier companies iden-
tified by the spatial analysis performed in a GIS environment were 17, 
located in 8 different municipalities. 

These farms are capable of providing plant and animal wastes to 
produce biogas by the AD process, belonging to the categories defined 
by the decree of 13 October 2016, n. 264, Annex 1 (Repubblica Italiana, 
2016). Considering the surface area available for each agro-industrial 
companies, the output by-products typology and their average annual 
yield, the annual average availability of each of them was computed. 
The plant and animal wastes were split into three different categories: (i) 
animal by-products, which includes serum and poultry manure; (ii) 
agricultural by-products, involving vegetation mowing, full-field vege-
tables, artichokes, pulses and other vegetables; (iii) food and agro- 
industrial by-products, comprising pastazzo, pomace, orange, clemen-
tine, mandarin, lemons, satsuma, grapefruit, kaki, kiwi, pear, pome-
granate, prickly pear, table grape, apricot, peaches, percoche peaches, 
plum, melons, avocado, mango, full-field vegetables, greenhouse vege-
tables (tomato, peels tomato, topinambur, garlic), pulses, artichokes. 
Specifically, the amount of by-products for each category is 12,000 tons/ 
year of animal by-products, 93 tons/year of agricultural by-products and 
30,796 tons/year of food and agro-industrial by-products. 

In Fig. 7 is shown the overall picture related to the presence of 
agricultural, food and livestock industries, with a geographical prox-
imity within the 70 km from the SIMBIOSI Consortium, that could 
provide plant and animal waste to supply the biogas plant located in the 
study area. 

Fig. 7. Locations of potential supplier companies that could provide the necessary by-products to feed the biogas plant manage by SIMBIOSI Consortium. The 
columns chart contains the typology and amount of the available by-products for each firm. 
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3. Results 

3.1. Identification of Arundo donax L. in the territory 

Table 3 shows the main results obtained after the accuracy assess-
ment procedure for each adopted combination of spectral bands during 
the automatic supervised classification process. The highest accuracy 
values were achieved using as input image the VRE composition, with an 
OA of 69.47 %, K̂ of 0.63, UAmean of 71.59 % and PAmean of 66.81 %. 
Also the NGB image, though less, allowed to attain good results, with an 
OA of 67.55 %, K̂ of 0.61, UAmean of 68.25 % and PAmean of 61.87 %. The 
worst performance was obtained when the classification was carried out 
on the TCI combination, with an OA of 65.63 %, K̂ of 0.59, UAmean of 
70.00 % and PAmean of 65.00 %. Considering the results reached for each 
land cover class, it appears that the vegetation was better detected by 
means of a multispectral image that includes a spectral channel in the 
near infrared (NIR), due to a higher reflectivity of vegetated surfaces 
than in other spectral bands (Aqeel et al., 2011). In particular, according 
to the research objectives, the GR class was finer mapped by using both 
the NGB composition, with an UA of 51.72 % and PA of 37.04 %, and the 
VRE composition, with an UA of 46.51 % and PA of 49.38 %. As ex-
pected, the lowest accuracy values were attained using as input image 

the TCI combination, with an UA of 44.00 % and PA of 27.16 %. 
Once the classification was performed and the accuracy was evalu-

ated on the three different combinations of spectral bands, in order to 
obtain a more accurate localization and quantification of GR, a combi-
nation between the classified images was carried out (Fig. 8). 

The procedure allowed to extract a thematic map containing for each 
informational class just the pixels common to the three classified images, 
with an OA of 85.02 %, K̂ of 0.81, UAmean of 85.26 % and PAmean of 
79.06 % (Table 4). The results obtained after the accuracy assessment 
showed that thematic classes provided with a really different spectral 
response (like Gh, Wa, WV, BS and NAL) were classified with higher 
precision than other categories (like GR and CO) having a similar 
spectral response to other classes. As expected, it appears that often GR 
class was mixed up with other classes such as CO, NAL and BS reaching 
an UA of 76.47 % and PA of 46.43 %. Similarly, the CO class, though 
less, was frequently confused with the GR, WV and BS classes, achieving 
an UA of 68.18 % and PA of 75.00 %. The highest accuracy values were 
obtained when classifying Gh class, with an UA of 100.00 % and PA of 
82.26 %, followed by WV class almost always correctly classified with an 
UA of 97.14 % and PA of 83.95 %. The remaining categories (NAL, Wa 
and BS) were detected with successful results reaching a values of UA 
ranged between 81.65 % and 91.67 % and values of PA varying between 

Table 3 
Confusion matrices and accuracy values for each adopted combination of spectral bands, according to the considered land cover classes: (A) TCI, (B) NGB, and (C) VRE.  

A  Reference Data 
∑

User’s accuracy 

GR NAL CO Wa WV BS Gh 

Classified Data Giant Reed (GR) 27 % 0 % 19 % 0 % 5 % 0 % 3 % 7 % 44 % 
Non-irrigated Arable Land (NAL) 20 % 93 % 8 % 15 % 5 % 17 % 26 % 30 % 60 % 
Citrus Orchards (CO) 33 % 2 % 57 % 5 % 17 % 2 % 5 % 17 % 49 % 
Water (Wa) 0 % 0 % 0 % 55 % 1 % 0 % 1 % 2 % 85 % 
Wood Vegetation (WV) 0 % 0 % 6 % 0 % 61 % 1 % 0 % 12 % 91 % 
Bare Soil (BS) 15 % 5 % 6 % 5 % 7 % 78 % 4 % 20 % 72 % 
Greenhouses (Gh) 5 % 0 % 4 % 20 % 4 % 2 % 61 % 12 % 76 %   

∑
12 % 19 % 15 % 3 % 18 % 18 % 15 % 100 %   

Producer’s accuracy 27 % 93 % 57 % 55 % 61 % 78 % 61 %         
Overall accuracy: 65.63 %        
Kappa Coefficient: 0.59   

B  Reference Data 
∑

User’s accuracy 

GR NAL CO Wa WV BS Gh 

Classified Data Giant Reed (GR) 37% 0% 22% 0% 3% 0% 2% 9% 52% 
Non-irrigated Arable Land (NAL) 17% 93% 4% 20% 6% 17% 23% 29% 62% 
Citrus Orchards (CO) 20% 1% 52% 0% 15% 3% 6% 14% 54% 
Water (Wa) 0% 1% 0% 65% 0% 2% 1% 3% 76% 
Wood Vegetation (WV) 0% 0% 3% 0% 69% 2% 0% 13% 94% 
Bare Soil (BS) 22% 5% 18% 15% 7% 76% 5% 23% 62% 
Greenhouses (Gh) 4% 0% 1% 0% 1% 1% 63% 10% 91%   

∑
12% 19% 15% 3% 18% 18% 15% 100%   

Producer’s accuracy 37% 93% 52% 65% 69% 76% 63%         
Overall accuracy: 67.55%        
Kappa Coefficient: 0.61   

C  Reference Data 
∑

User’s accuracy 

GR NAL CO Wa WV BS Gh 

Classified Data Giant Reed (GR) 49% 1% 27% 5% 4% 2% 10% 13% 47% 
Non-irrigated Arable Land (NAL) 6% 83% 1% 10% 2% 10% 8% 21% 77% 
Citrus Orchards (CO) 16% 0% 53% 0% 16% 2% 3% 13% 59% 
Water (Wa) 0% 0% 0% 60% 0% 1% 1% 2% 86% 
Wood Vegetation (WV) 0% 0% 4% 5% 67% 1% 0% 13% 93% 
Bare Soil (BS) 19% 13% 14% 20% 5% 84% 7% 25% 63% 
Greenhouses (Gh) 10% 3% 1% 0% 6% 1% 71% 14% 77%   

∑
12% 19% 15% 3% 18% 18% 15% 100%   

Producer’s accuracy 49% 83% 53% 60% 67% 84% 71%         
Overall accuracy: 69.47%        
Kappa Coefficient: 0.63   
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78.57 % and 96.40 %. 
Finally, the surface covered by GR in the study area (computed in GIS 

environment) was about 2 km2. Considering an average biomass yield of 
about 5.89 kg/m2, measured in open field conditions, and the spatial 
distribution previously assessed by the GIS-based analysis, the quantity 
of GR from the maintenance interventions of the watercourses em-
bankments was estimated and would amount to about 11,780 tons 
year− 1. 

4. Discussion 

Several studies have reviewed the effects of riparian vegetation on 
channel geometry, bank stability and flow regimes finding a relationship 
between the type or density of vegetation and the river dynamics (Gran 
& Paola, 2001; Lama et al., 2021c; Lama and Cesare, 2022; Trimble, 
2013; van de Lageweg et al., 2010). In recent times, Jourdain et al. 
(2018) claimed that the vegetation encroachment in fluvial environ-
ments can trigger an increase in flood risks due to a stream roughness 
rise which in turn leads to a flow velocity decrease and a water levels 
increase for given discharges. In particular, Coffman (2020) discussed 

about the invasive traits of GR describing it as one of the biggest threats 
to the riparian habitats in Mediterranean-type climate regions with 
flooding hydraulic risk increase. Also Spencer et al. (2013) highlighted 
the influence of riparian vegetation in channel water movement 
showing that especially the GR growth contributes to reduce mean water 
velocity by 46 % or 53 % and to increase the flooded area from 10 % to 
19 %. 

According to several authors, despite GR shows the traits of invasive 
plant species, including long canopy duration, rapid growth, high water 
use-efficiency and resistance to pests and diseases, all of these features 
are also requested for energy crops to produce biogas by AD (Barbagallo 
et al., 2014; Barney & DiTomaso, 2008; Corno et al., 2014; Crosti et al., 
2010; Ge et al., 2016; Pilu et al., 2013). Numerous studies reported that 
the obtainable methane yield from GR with one single harvest is equal to 
9580 Nm3 CH4 ha− 1, while with double harvest system biomethane 
production rises achieving values ranging from 11,585 to 12,981 Nm3 

CH4 ha− 1 (Antal, 2018; Corno et al., 2014; Ragaglini et al., 2014). 
Considering that frequent riparian vegetation maintenance in-

terventions are needed to reduce hydrogeological risk with considerably 
burden costs at the expense of public administration, several studies 

Fig. 8. Thematic map derived from the combination of the three classified images (TCI, NGB and VRE).  

Table 4 
Confusion matrix and accuracy values related to the thematic map derived from the combination of the three classified images (TCI, NGB and VRE), according to the 
considered land cover classes.    

Reference Data 
∑

User’s accuracy 

GR NAL CO Wa WV BS Gh 

Classified Data Giant Reed (GR) 46 % 0 % 8 % 0 % 0 % 0 % 2 % 4 % 76 % 
Non-irrigated Arable Land (NAL) 18 % 96 % 3 % 14 % 2 % 9 % 8 % 30 % 82 % 
Citrus Orchards (CO) 14 % 0 % 75 % 0 % 10 % 0 % 3 % 10 % 68 % 
Water (Wa) 0 % 0 % 0 % 79 % 0 % 0 % 2 % 3 % 92 % 
Wood Vegetation (WV) 0 % 0 % 5 % 0 % 84 % 0 % 0 % 16 % 97 % 
Bare Soil (BS) 21 % 4 % 10 % 7 % 4 % 91 % 3 % 25 % 82 % 
Greenhouses (Gh) 0 % 0 % 0 % 0 % 0 % 0 % 82 % 12 % 100 %   

∑
6 % 26 % 9 % 3 % 19 % 23 % 14 % 100 %   

Producer’s accuracy 46 % 96 % 75 % 79 % 84 % 91 % 82 %         
Overall accuracy: 85.02 %        
Kappa Coefficient: 0.81   
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discussed about the possibility of streamside vegetation reuse as biomass 
for energy production (Forzieri, 2012; Recchia et al., 2010; Rockwood 
et al., 2004). 

Methods based on GIS were worldwide recognized as useful tech-
niques to analyze biomasses availability for energy purpose, however a 
little number of studies utilize RS satellite data combined with GIS tools 
to identify riparian vegetation and to assess its availability for biogas 
and biomethane productions. 

Concerning the classification process, the choice of testing different 
compositions of spectral bands, as input images, using the same set of 
reference data for training and validation, in order to investigate the 
influence on classification accuracy and to identify the most suitable 
input data for GR recognition, was in line with the finding of Praticò 
et al. (2021). Our results showed that applying the pixel-based MLC 
approach the final thematic map OA is generally high (85.02 %), 
compared to that obtained in other studies. For instance, Dillabaugh & 
King (2008) showed that the employment of Ikonos multispectral (4 m 
resolution) and panchromatic (1 m resolution) imagery to map riparian 
marshland composition and biomass, performing several MLC classifi-
cation tests, lead to a significant accuracies from 61 % to 88 %. Also 
Forzieri et al. (2010) in his work observed that a pixel-based MLC 
approach, to identify and to monitor riparian vegetation, applied using 
data fusion of a QuickBird image and LIDAR data produced an encour-
aging accuracy with a very good level of agreement (K̂ = 0.77). Simi-
larly, Everitt et al. (2008) compared the use of QuickBird (2.4 m 
resolution) and SPOT 5 (10 m resolution) multispectral satellite imagery 
to map GR along the Rio Grande River by applying the MLC to classify 
the images. In this case study, results showed that both QuickBird and 
SPOT 5 satellite imagery can be used to recognize GR infestation with an 
OA of 83.2 % and 79.2 %, respectively. All of the studies discussed above 
claimed, in accordance with our study, that the MLC classification al-
gorithm is a robust technique and allowed to achieve a high OA. 

Furthermore, the results obtained highlighted, in line with previous 
finding, that adding the NIR band to the visible bands (Red, Green and 
Blue) the commission and omission errors decrease in favor of an in-
crease in accuracy indicators (OA, PA and UA), thanks to the useful 
spectral information contained in this band and its high sensibility to 
chlorophyll content (Chaves et al., 2020; Praticò et al., 2021; Sánchez- 
Espinosa & Schröder, 2019). However, in order to improve the classi-
fication accuracy, other methods could be used. For instance, several 
studies reviewed by Yaseen (2021), applied successfully machine 
learning models for quality water bodies purposes, even combined with 
RS techniques. 

Finally, this study showed that classifying species with very high 
spectral similarity can be lead to a misclassification errors with a low 
values of PA and UA affecting the classification results based on multi-
spectral instead of hyperspectral images (Praticò et al., 2021; Somers & 
Asner, 2014). According to Everitt et al. (2005), Everitt et al. (2008), in 
fact, GR thematic class often was mixed up with other classes charac-
terized with a very similar spectral response such as dry grass and scrub 
brush obtaining, in some cases, a lowest agreement level. In ours study, 
the combination of the classified images (TCI, NGB, VRE), considering as 
valid just the pixels classified in all three different combinations of 
spectral bands as GR, was helpful to improve the classification accuracy 
(PA of about 8.5 % and UA of about 28 %) of the GR class in terms of 
localization and quantification. 

In general, despite the limit of the process, the pixel-based supervised 
classification allowed to detect GR with an acceptable accuracy value 
and to quantify its availability in the Calatino area for the biomethane 
production. As a consequence, the study could contribute to the 
achievement of the Sustainable Development Goals (SDGs), established 
by the United Nation Conference on Sustainable Development (Rio +20, 
2012) as regard the management of water and energy resources. Espe-
cially, the results obtained and further analysis could be helpful to 
achieve goals 7th (Ensure access to affordable, reliable, sustainable and 

modern energy for all) and 11th (Make cities and human settlements 
inclusive, safe, resilient and sustainable), in order to reduce disaster risk 
associated with flooding and to increase the development of sustainable 
energy using biomass from the mowing of watercourses embankments. 

5. Conclusion 

The retrieval of riparian vegetation for energy purpose represents a 
sustainable way to recover management vegetation costs and to reduce 
some environmental impacts. Under this scenario, one of the biggest 
threats influencing the regular water movement in Mediterranean area 
watercourses is the presence of GR vegetation within stream channels. 
Nevertheless, due to its high biomass production and its being a no-food 
crop, not competing for land utilized for food supplies, GR could become 
a real opportunity to generate bioenergy. Several studies in literature 
have shown the GR capacity to reach much more biogas and bio- 
methane productions per hectare than traditional energy crops. 

In this study, a GIS-based methodology for the identification of GR 
spatial distribution was implemented, allowing to map GR with an 
acceptable accuracy value and to quantify its availability in the Calatino 
area for biogas and biomethane productions. Furthermore, the suit-
ability of different combination of spectral bands, in terms of GR clas-
sification accuracy, was compared and evaluated. A bottleneck of this 
process is represented from the difficulty of the classifier to discriminate, 
in some cases, classes characterized by a very similar spectral response. 
The improvement of limited availability of RS data free and open to all 
user with a suitable resolution could be useful to overcame this limita-
tion. However, RS technologies combined with GIS tools, thanks to their 
relative low revisiting time and high spatial resolution, could help 
responsible authorities to monitor riparian ecosystem dynamics and to 
mitigate the effects of natural hazards. 

Finally, the duality of GR as an invasive hydrophyte plant and, at the 
same time, as an energy crop should be taken into consideration by 
public administrations to drive decision-making processes for a multi-
functional maintenance of the riparian vegetation. To this end, this 
study could contribute to the development of vegetation management 
plans necessary to restore watercourses, reducing the risk of streams 
flooding in valley areas and at intersections with infrastructure works 
and getting new economic benefits at local scale. 
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