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2. ABSTRACT 

Environmental degradation has been recognised as a threat to the European and global ecosystems with direct 
impacts on climate change adaptation, ecosystem conditions, food-security, and social assistance. A lot of 
scientific effort has been devoted to the concepts and approaches for the monitoring and assessment of 
environmental degradation and to the question of how the ecosystem resources could be directed towards 
sustainable use. In addition, within the broad concept of environmental degradation, there are very different 
processes ranging from air/water/soil contaminants to loss of ecosystem services. 
In this regard, the aim of this deliverable is to analyse sources and scale of source of the most prominent 
environmental degradation processes. 
In order to perform such task, we have proceeded in two steps: (i) a preliminary analysis of environmental 
degradation factors based on bibliometric analysis and (ii) a synoptic view of the outcoming results analysing 
sources and scale of land degradation. 
For the bibliometric analysis, documents type, subject area, documents sources, high-frequency keywords, and 
the geographical distribution of publications were analysed. The study focused on a total of 19748 articles 
published from 2016 to 2023, collected through an automated process from the Scopus database and later 
analysed using techniques such as bibliometric indicators analysis on R and VOSviewer. To identify the 
sources of environmental degradation and assess the scale and the extent of their dispersion, diverse monitoring 
techniques have been discussed, highlighting the necessity of a global high spatio-temporal database derived 
at marine and land scales.  Finally, a synoptic analysis has been produced in view of the RETURN project. 
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4. State of The Art 

4.1 Introduction  

In the current years, environmental degradation, an intensifying issue that affected ecosystem services globally, 
has been actively debated. The term environmental degradation suggests that a change in the environment 
quality status results in a diminished capacity of the ecosystem to provide goods and services (Hatfield et 
al., 2017). More precisely, environmental degradation, induced by natural and/or human-caused 
circumstances, is defined as the process in which the productivity or the potential of ecosystems 
components’ quality and sustainability, including soil, vegetation, air and water, declines partially or 
completely by losing its physical, chemical, and biological mechanisms (Pereira et al., 2017). The concrete 
manifestations of environmental degradation are varied, including but not limited to erosion, salinization, 
pollution, acidification, desertification, nutrient deficiency, compaction, plastics, eutrophication, 
acidification, and heavy metals contamination. The cited issues are gaining an immense interest in scientific 
publications and cautions. Few of these factors are explicitly treated in RETURN. 

Environmental degradation has been recognized as a threat to the European ecosystems. In addition to that, the 
European region will have to adapt to climate change impacts, which are continuously and increasingly 
showing adverse effects on ecosystems conditions (EEA, 2017). The significance of the effects of 
environmental degradation in the European scale has been discussed in reviews of environmental policy 
frameworks, assessments by intergovernmental bodies and scientific advisory panels for policy makers, 
and research projects (Brabant et al., 2010; GIZ, 2023). In response to these concerns, various policy 
programs, strategies, and guidelines on sustainable management of land and coast is being discussed. 
Considering the increasingly serious severe extent and impacts of environmental degradation, continuous 
acquisitions of repeated information on terrestrial and marine components are fundamental, especially on 
a large-scale. With the further development of environmental degradation-related case studies and research, 
accurate, high-resolution, and up-to-date datasets was spotted as urgent and essential (Ivits et al., 2018).  

The maintenance of ecosystem services should support a more balanced consideration of planning decisions 
on environmental use and management. Mapping and monitoring of the degradation sources at terrestrial 
and coastal scales should enable the European Union, countries, regional authorities and environmental 
organizations to explore the state of environmental degradation phenomena in their areas, and to impose 
progress towards sustainable ecosystems use. The envisaged use of the mapping outline is to guide towards 
an identification of hotspot prone regions followed by a design of sustainable management decisions.  

In view of that, geospatial information in environmental degradation studies, is becoming increasingly 
available through high spatial and temporal resolution time series data. With recent advances in earth 
observation and imaging technology, remotely sensed instruments with high to moderate spatiotemporal 
and spectral resolution are playing a fundamental role in environmental degradation studies (M. D. Iordache 
et al., 2011; Quintano et al., 2023; Tasseron et al., 2021a). Latest progress in algorithm and modelling 
research, accompanied by the rise of cloud-based global remote datasets, have considerably strengthen the 
application potential of earth observation systems for environmental degradation studies (M. D. Iordache 
et al., 2022; Stroppiana et al., 2021). Specific uses of remotely sensed techniques in the context of 
environmental degradation monitoring can include the mapping of large forest fires; the tracking clouds for 
weather forecasting; the monitoring of erupting volcanoes; the monitoring of dust storms; the mapping of 
changes in farmland or forests over a defined period of time; and the identification and mapping of the 
ocean contaminants. In comparison to traditional ground/field/local scale investigation techniques, earth 
observation systems are presenting a series of benefits particularly by its large global coverage scale. 
Actually, to date, there are many published literatures on environmental degradation research (aimed to 
analyze the types, driving factors, and model methods) using earth observation imaging or non/imaging 
instruments, that is mainly focused on a specific site, rather than a global region (Ferreira et al., 2022).  

In this context, the present deliverable aims to provide an overview of the main current contagious sources of 
environmental degradation; the scale and extent of the defined degradation sources at both terrestrial and 
marine levels; and the role of mapping approaches (from field /laboratory scale to the global one) in 
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addressing knowledge gaps and driving advances in decision-making motivated by the recent and rapid 
developments in earth observation technology and the significant advantages of modelling algorithms. 
Hence, the first goal of this deliverable is to present a bibliometric analysis of articles focusing on 
environmental degradation research at the European scale focusing on the period 2016-2024. Bibliometrics 
is a technique that examines all articles that make use of the keywords in question, sorting them by 
document and source type, year of publication, language, subject area, and most active source titles. The 
second purpose of this document is to address based on the bibliometrics outputs, the main sources of 
environmental degradation resulting from land and coastal contaminants. Finally, the main common sources 
identified from environmental degradation analysis and presented within the aims of the RETURN project, 
were highlighted and, subsequent discussions about the mapping of these sources were conducted.  
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4.2 Research Method  

The present deliverable aims to assess the main sources of environmental degradation, and the scale of 
processes of the identified sources. The outputs of the case study are presented based on network 
visualization and bibliometric indicators. Indeed, this research is built on a bibliometric analysis with the 
goal to highlight the advances/patterns of the academic bibliography on environmental degradation. We 
propose an essential contribution for quantifying, understanding, and visualizing trends in this academic 
field. As will be presented in the following sections, the analysis process includes mainly a study design, 
data collection, data visualization and analysis, and interpretation.  

4.2.1 Bibliometric analysis  

Bibliometric analysis is considered one of the most significantly established technique for the survey and 
investigation of the scientific research productivity, for a well-defined research field (Zyoud et al., 2017). 
As defined by (Pendlebury, 2010), bibliometrics also called scientometrics, is a key tool of quantitative 
analysis of science databases, generally utilized by university, policy makers, researchers, administrators, 
research directors and information specialist with the purpose of conducting research performance 
evaluation. The principle of the bibliometric studies is based on the computation of statistical analysis, from 
a collection of datasets englobing indicators inherent in publications i.e., authors, sources, geographical 
distributions and other varied indicators (Dabirian et al., 2016).  

For the present study, the bibliometric analysis to measure documents information was conducted using both 
(i) VOSviewer, a freely available tool to construct and visualize the relationship of networks 
(www.vosviewer.com), and (ii) a software package bibliometrix based on R language.  

This VOSviewer software can be used to build a mapping citation data extracted from the established databases 
e.g., PubMed, Scopus, and Web of Science. VOSviewer produces a visualization of network co-occurrence 
based on the terms extracted from the literature review. The software obliges a threshold signifying the 
least number of keywords that must be demonstrate together in a paper (Ciano et al., 2019). The extracted 
data could also be used to produce co-occurrence and co-authorship networks, based on information of 
authors, their institutional affiliations, and their respective countries. This allows the identification of the 
main institutions from which the publications originated, as well as in which manner those authors 
collaborated, based on their countries of origin. In this research, we utilized the VOS Viewer 1.6.20 
software, developed by Leiden University in the Netherlands, to extract the co-authorship networks. For 
the co-occurrence networks, we limited the search to words occurring in titles and abstracts of the papers 
analyzed in this study.  

The bibliometrix software package is a bibliometric software package developed in 2017 based on R language. 
It can be used for whole-process bibliometric analysis and visual display. The analysis of statistical data, 
co-occurrence, co-citation, and clusters on documents from the Scopus, Web of Science and other databases 
are attainable too. Combing the visualization capabilities of a variety of scientific mapping tools, 
bibliometrix performs a complete set of bibliographic data analysis and the interpretation of results (Aria et 
al., 2017). In this research, the bibliometrix software package is used to analyze and visualize the research 
status and research trends in the field of environmental degradation. In this research, we utilized the 
bibliometrix package to explain the basic laws of environmental degradation from the aspects of annual 
documents, research power (country, author, journal), research hotspots, and themes.  

4.2.2 Data source  

In order to achieve the objectives proposed in this research, the construction of a database of papers is the first 
essential step, and for this, the Scopus database “www.scopus.com” was utilized (accessed on 21 November 
2023) to extract the necessary data for this analysis. Because the Scopus database is one of the most 
prominent academic databases available today, with over 25,100 titles, 5000 editors, more than 77.8 million 
papers, and tools for information integration, data exportation, and analytics; this study employs the Scopus 
database as a source for data collection (Vasconcelos et al., 2020; Viana et al., 2017).  
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The topical scope of this review was delimited to ‘environmental degradation’. To build our database of 
relevant publications, we followed PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) guidelines for the document search as presented in Figure 1 (Moher et al., 2009). We selected 
search terms related with the proposed theme based on two major dimensions: the environmental problem 
and the geographic region of interest. Therefore, we utilized the expression (“environmental degradation” 
AND (“Europe”), following the keyword string: (TITLE-ABS-KEY (environmental AND degradation) 
AND (LIMIT-TOAFFILCOUNTRY, “Europe”).  

These search terms were required to occur in the paper’s title, abstract, or keywords for all available 
publications until 2023. This Scopus searches generated a total of 31,759 documents (Figure 1). From the 
listed papers, we focused on Article, Conference paper, Review, Book chapter, and Book, and we excluded 
the remaining document types. We also excluded the papers published before 2016 and focused on the 
range time 2016-2024. A total of 19,748 documents were generated and analyzed.  

Quantitative metrics of the bibliographic production from the Scopus database were exported such as the 
overall papers by subject area.  

 

Figure 1 - PRISMA Flow Diagram.  

4.3 Results and discussion on bibliographic search 

4.3.1 Document types  

Results of document type as presented in Table 1, show that most of the studies elaborated on environmental 
degradation were published as article (76.74%), followed by review (11.82%), and conference paper 
(5.81%). Others were found as a book chapter and book with 4.91% and 0.72% respectively.  
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Table 1 – Document Type.  

Environmental Degradation 
Document Type Total Publications (TP) Percentage (%) 

Article 15154 76.74 
Book Chapter 970 4.91 
Review 2334 11.82 
Conference Paper 1148 5.81 
Book 142 0.72 
Total 19748 100 

4.3.2 Distribution of Annual Documents  

Research productivity is investigated in this research based on the total of documents produced per year. The 
annual distribution of document number reflects the overall situation and research trends, and the 
publication year examination of the documents empowers the researcher to comprehend the pattern of the 
chosen topic over time (Aidi et al., 2019). Research on environmental degradation was firstly published in 
the year 1968. The year 2022 was the highest year for publication in this area, with the total of the article 
published 3205 (16.23%). Followed by 2021 (15.02%), 2023 (13.85%), 2020 (12.97%) and 2019 (12.22%) 
(Table 2).  

Table 2 – Environmental degradation research documents published from 2016 to 2024.  

Environmental Degradation 
Document Type Total Publications (TP) Percentage (%) 

2016 1548 7.84 
2017 2066 10.46 
2018 2253 11.41 
2019 2413 12.22 
2020 2562 12.97 
2021 2967 15.02 
2022 3205 16.23 

2023* 2734 13.85 
Total 19748 100 

4.3.3 Documents by Subject Area (abbr: * data not complete but included to provide a 
preliminary first insight) 

Table 3 summarizes the publications based on the subject area. It demonstrates that the largest number of 
publications were categorized under “Environmental Science” with a total percentage of 23.90% 
publications. This is followed by “Agricultural and Biological Sciences” (9.60%), “Engineering” (8.10%), 
“Chemistry” and “Social Sciences” (6% each). Other subject areas were below 6% of the total publications, 
including “biochemistry, genetics, and molecular biology”, “Materials Science”, and “Earth and Planetary 
Sciences”.  

The outcoming results highlights the high trans-disciplinarity nature of environmental degradation studies. 

Table 3 – Documents by Subject Area.  

Environmental Degradation 
Subject Area Percentage (%) 

Environmental Science 23.90 
Agricultural and Biological Sciences 9.60 
Engineering 8.10 
Chemistry 6.70 
Social Sciences 6.30 
Biochemistry, Genetics and Molecular Biology 5.90 
Materials Science 5.30 
Earth and Planetary Sciences 4.70 
Others 29.5 



 

12 
 

4.3.4 Most Relevant Sources/Journals Regarding Environmental Degradation  

The data of environmental degradation research are separately counted according to the number of documents 
by journal (Table 4). Figure 2 addresses the most active source of publications on environmental 
degradation. With the largest document number of 1016 among all journals, the journal Science of The 
Total Environment is known as a famous journal in the field of novel, hypothesis-driven and high-impact 
research on the total environment; and consider the main following subject areas as ecotoxicology and risk 
assessment, wildlife and contaminants, waste or wastewater treatment, nanomaterials, microplastics, and 
other emerging contaminants. Among the top 10 journals, Chemosphere, Environmental Science and 
Pollution Research, Journal of Hazardous Materials and Environmental Pollution are core journals in 
environmental science and environmental contaminant with emphasis on chemical compounds. Journals 
such as Journal of Environmental Management and Journal of Cleaner Production are core journals in 
managing environmental systems and improving environmental quality. The journal Water Research refers 
to the science and technology of the water quality, and its management worldwide.  

Table 4 – Top 10 journals with regard to environmental degradation papers.  

Environmental Degradation 
Source Title Total Publications (TP) 

Science of The Total Environment 1016 
Chemosphere 485 
Environmental Science and Pollution Research 339 
Sustainability 321 
Journal of Hazardous Materials 297 
Journal of Environmental Management 266 
Environmental Pollution 236 
Environmental Science and Technology 212 
Water Research 193 
Journal of Cleaner Production 180 

 

Figure 2 - Most relevant sources/journals regarding environmental degradation (Source: VosViewer). 
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4.3.5 Analysis of Keywords  

4.3.5.1 Analysis of High-Frequency Keywords 

Table 5 and Figure 3 show the top keywords that come out as a result of the bibliometric search. The most 
frequently appeared author keywords involved in the field of environmental degradation are degradation, 
climate change, land degradation, sustainable development, microplastics, and remote sensing.  

The size of each word characterizes the total number of occurrences for the keywords. It is imperative to 
address that all of the keywords are trending words, or popular words used along with environmental 
degradation research studies. Thus, we can foresee that future research, investigating this domain, can be 
concentrated on these keywords.  

In table 5 are reported (i) some general terms (e.g., degradation) of little use for this report, (ii) some specific 
terms related to process of recovery from environmental degradation (e.g., photocalysis, biodegradation), 
and eventually (iii) key drivers of environmental degradation. For the sake of this deliverable, we shall 
focus on this last category.  

Between the main environmental degradation drivers, the following domains have been extensively studied: 
climate change, land degradation, microplastics, wastewater.  

In view of RETURN objectives, in the footnote1 we report a focus on some key drivers of special interest. 

 Table 5 – Analysis of high-frequency keywords as reported by authors of papers. 

Author Keywords Occurrences Total Link 
Strength 

degradation 636 247 
biodegradation 561 232 
climate change 552 298 
photocatalysis 437 190 
sustainability 348 186 
environmental 
degradation 

317 140 

                                                           
1 Microplastics, among all the sources of environmental degradation in Europe, presented the highest frequency of mentioned keywords in the published 

research cases. In this respect, the accumulation and fragmentation of plastics have caused a conflict in managing and directing the deteriorated 
resources. According to (Bai et al., 2019; Huang et al., 2021), up to 368 million tons of plastic items were manufactured yearly in 2019, with output 
expected to reach 500 million tons by 2025. In addition, from the entire quantity of plastic waste production, a scares amount is recycled (9%), 
another part is directed to incineration processes (12%), instead the major remaining quantity is kept in natural environment or sent to landfill sites 
(Geyer et al., 2017). The majority of the plastic products are photodegraded rather than biodegraded, responsible of the constitution of microplastics, 
or traces of plastic with a particle size of lower than 5 mm (Ryberg et al., 2019; UNEP, 2018). In view of their detrimental impacts on the ecosystem 
services, above all oceans, microplastics are proving a developing matter of concern caused by their inappropriate disposal and monitoring 
operations. In fact, microplastics and nanoplastics exposure in the environment showed strong direct and direct effects on bivalves, copepods, 
echinoderms as well as auxiliary marine organisms’ development and production (Yu et al., 2020; Zhang et al., 2020). Microplastics are considered 
an emerging environmental concern, and their pollution effects have aroused attention also on freshwater bodies (Dong et al., 2021; Li et al., 2020), 
wastewater (Patchaiyappan et al., 2020), airspace (Geng et al., 2021), sediments (Wang et al., 2018), and diverse terrestrial ecosystems (Tan et al., 
2021). Recent studies proved that nano-/micro-plastics, in addition to their release of toxic additives in the ecosystem, are responsible of the 
adsorption of various chemicals thus behaving as sinks for different poisonous compounds favorizing their bioavailability, toxicity, and 
transportation (Amobonye et al., 2021).  

Soil, water, and forest are the main land types of environmental degradation (Table 5). The United Nations Food and Agriculture Organization listed 
soil erosion and its process as the first item of the first category in the “World’s Land Degradation Priorities Recommendation” (Xie et al., n.d.). In 
addition, in 2019, the United Nations reported a drastic soil loss of greater than 24 billion tonnes per year around the globe. The serious increase 
and dispersion of soil erosion is defined as a challenging sustainability restricting problem through causing a menace to several ecosystems domains, 
i.e., agricultural production, water quality, hydrology, and other systems. Regarding the case of agricultural areas and considering that land 
management practices influence hugely the degree of erosion, soil erosion was perceived more advanced on arable land compared to non‐arable 
land. Water erosion and wind erosion accounts for 56% and 25%, respectively global soil degradation (AbdelRahman, 2023). The fine materials 
produced from the eroded sediments caused by erosion processes, by eventually reaching surface-water bodies, are creating high sedimentation 
problems that then can led to flooding (Serra et al., 2022). Moreover, in the case that those eroded sediments also contain pesticides or fertilizers, 
degradation of downstream water quality caused by the consumption of these contaminants by aquatic organisms is also tending to arise. Climate 
change effects on the environment enhanced the frequency of extreme weather events and hence lead to a drastic spatially differentiated changes 
in the extent, intensity, and frequency of soil erosion (Seneviratne et al., 2011). A spatio-temporal dynamic management of soil erosion extent and 
intensity is imposed. The continuous evolution and advancement of quantification tools lead to highly settled information that are available on 
different scales. Modelling approaches are commonly used for the quantitative measurement of soil erosion. Though, considering the big number 
of inputs/parameters required by physical and distributed modelling of the soil erosion process and the limited practicality, the USLE/RUSLE 
model is the most generally used. 

Author Keywords Occurrences Total Link 
Strength 

Bioremediation 272 127 
Environment 230 171 
ecosystem services 215 114 
land degradation 211 103 
sustainable 
development 

186 109 

Microplastics 185 90 
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Biodiversity 182 128 
Conservation 161 76 
wastewater 
treatment 

159 113 

remote sensing 158 83 
soil 158 120 
toxicity 156 123 
photodegradation 141 77 
pollution 137 124 
wastewater 131 102 
economic growth 123 88 
renewable energy 123 61 
agriculture 122 120 
adsorption 121 108 
deforestation 120 80 
pesticides 117 109 
redd+ 115 61 
pharmaceuticals 112 115 
circular economy 109 49 
water quality 104 41 
soil degradation 93 40 

biochar 92 63 
land use 92 72 
environmental 
remediation 

91 59 

groundwater 91 62 
soil erosion 90 45 
phytoremediation 89 48 
restoration 88 47 
heavy metals 86 50 
bacteria 83 76 
resilience 81 46 
water treatment 81 57 
advanced oxidation 
processes 

79 61 

urbanization 76 55 
transformation 
products 

75 58 

fungi 71 77 
remediation 69 63 
water 58 56 

The title and abstract from the documents gathered were analyzed using the full counting method via 
VOSviewer software. The binary counting method is a method where the occurrence of a noun in an article 
is calculated based on a specific number of times (Waltman et al., 2013). The visualization of the noun 
occurrences based on the title and abstract is displayed in Figure 3. The strength of the occurrences is 
indicated by the size of the nodes, while the strength of the relationship is displayed by the thickness of the 
lines between nodes. Related words are grouped to show their relationship. The results of the analysis show 
a set of groups of special interest. Between them photocatalysis, bioremediation, climate change, are 
sustainability are distinguished. The VOSViewer analysis highlights the presence of five major groups of 
keywords. The differentiation between the groups of keywords is exposed by five community of colors. 
The main keywords communities are: (i) biodegradation, bioremediation, and germs, (ii) climate change, 
ecosystem services, and forestry, (iii) environmental degradation and the economic impact, (iv) 
photocatalysis and chemicals, and (v) degradation materials.  

 

Figure 3 – VOSviewer visualization of a top term co-occurrence network based on title and abstract fields 
(top 1000 Author Keywords).  
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4.3.5.2 Cluster Analysis and Multiple Correspondence Analysis of High-Frequency Keywords 

In bibliometrics studies, the cluster analysis is defined based on the frequency of simultaneous occurrence of 
keywords, using statistical methods with the goal to simplify the complex keyword network relationship 
into several relatively small groups (Ding, 2011). Multiple correspondence analysis (MCA) is a commonly 
used sociological approach. It compresses large data with multiple variables into a low-dimensional space 
to form an intuitive two-dimensional (or three-dimensional) graph that uses plane distance to reflect the 
similarity between the keywords. Keywords approaching the center point indicate that they have received 
high attention in recent years. The nearer to the edge, the narrower the study theme, or the transition to 
other themes (Figure 4) (Mori et al., 2016). Cluster analysis results in relation to the environmental 
degradation research field can be summarized as follows: 

 The first main group of clusters is principally associated with studies in wastewater, wastewater treatment, 
microplastics, toxicity and pesticides.  

 The second general category of cluster is mainly concerning the monitoring of dynamic changes of forest 
degradation (deforestation) based on remote sensing. Deforestation management research studies, 
presenting a scientific basis for research-based afforestation and rational conservation supports fully derive 
the potential of forest land production, achieve the balance of forest ecosystems, improve regional 
ecosystem services, scientifically formulate land degradation management plans, and realize the sustainable 
development of forestry management under climate change impacts. Hence, it is essential to periodically 
assess the spectral characteristics of those areas and their associated spatial and temporal indicators.  

 The third main category of cluster is in relation with the research of environmental degradation and 
sustainable development of land resources. While fully guaranteeing the current land productivity level, it 
is mandatory to protect its related resources in time without harming its development. Hence, maintaining 
and enhancing land resource productivity, reducing land production risk, preventing land and water quality 
degradation, and protecting the potential of natural resources are the main keys to ensure land 
environmental development goals.  

 The fourth group of clusters englobe keywords from the above-mentioned categories. Indeed, the fourth 
category of clusters, situated at the center of the graph, could be considered as a summary of the main 
principle occurred keywords. 

 

Figure 4 – Cluster Analysis (Multiple correspondence analysis – MCA) of High-Frequency Author 
Keywords.  
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4.3.6 Geographical Distribution of Publications  

This conducted bibliometric research is considering also the most active countries (here we recall that our 
subset of analysis refers to papers engaging European countries) in publishing documents related to the 
environmental degradation. Table 6 highlights the top contributing countries where Germany, China, Italy, 
United Kingdom, and Spain are the top five co-involved countries with more than 1300 publications. 

The percentage of published papers in each country reflects the importance, influence, and the direction of the 
country in the field of environmental degradation. The outputs of Table 6 reveal that Germany and Italy are 
among the top European countries that play a leading role in the field of environmental degradation 
research. Many factors contributed to the rank of Italy on the top countries producing research on 
environmental degradation. Indeed, the overall Italian environmental situation is presenting that the south-
mediterranean country is facing environmental degradation from different sources.  

On the base of this bibliographic research findings and in view of RETURN focus on Italy, in the footnote2 we 
report a focus on Italian key items concerning environmental degradation. 

Table 6 – Top Countries contributed to the publications. 

 Environmental Degradation 
Country Total number of publications Percentage (%) SCP MCP 

Germany 1574 9.02 873 701 
China 1563 8.95 32 1531 
Italy 1546 8.86 1049 497 
United Kingdom 1414 8.1 729 685 
Spain 1389 7.96 868 521 
Australia 1338 7.66 763 575 
France 1038 5.95 633 405 
Poland 856 4.9 681 175 
Usa 484 2.77 23 461 
Netherlands 420 2.41 194 226 
Greece 380 2.18 286 94 
India 377 2.16 5 372 
Switzerland 326 1.87 149 177 
Sweden 318 1.82 156 162 
Czech Republic 297 1.7 191 106 
Denmark 287 1.64 129 158 
Romania 257 1.47 212 45 
Belgium 255 1.46 104 151 
Brazil 254 1.46 9 245 
Finland 198 1.13 89 109 
SCP: Single Country Publications 
MCP: Multiple Country Publications 

                                                           
2 Soil is defined as a limited and very vulnerable resource, facing the challenge of its highest degradation in Italy (Environmental Implementation 

Review, 2022). Soil protection, sustainable soil management and restoring degraded soils are among the Italian management policies in order to 
achieve the following entails: (i) preventing further soil degradation; (ii) making sustainable soil management the new normal; and (iii) taking 
action for ecosystem restoration. The net land take concept combines land take with land return to non-artificial land categories (re-cultivation). 
The ranking of Italy between the European countries, on net land take, is situated above the average, with 55.2 m2/km2 in 2012-2018 (against the 
European average of: 83.8 m2/km2) (European Environment Agency, 2023). A preliminary challenge that contributed highly in strengthening 
biodiversity, is the establishment of forests. Within the Italian territory, forests cover an area equal to 29.97% of land, where over 90% of the 
statistics show surfaces in a bad to poor status (Environmental Implementation Review, 2022). A significant reduction of the impact of pressures 
on coastal and fresh waters is required to substantially reduce the negative impacts on sensitive species and habitats in marine ecosystems and to 
achieve good environmental status. Additionally, ensuring a good status of water bodies will have considered impacts on the efficient management 
and sustainability of the nutrient cycle. In Italy 41.8% of all surface water bodies achieved acceptable ecological status and 71.7% have good 
chemical status (WISE Freshwater, 2020). For groundwater, 30.3% failed to achieve good chemical status and 19.0.% are in a poor quantitative 
status. It is worth mentioning that Italy attained a notable reduction (24.8%) in industrial heavy metals releases like Cd, Hg, Ni, Pb (European 
Environment Agency, 2023). The increasing demand for water for multiple purposes and the intensification of severe weather conditions due to 
climate change have put a significant strain on freshwater supplies in Italy. Another challenge causing water degradation in the country is the fact 
that agriculture is abstracting 42.15% of water, which is accompanied by a high leakage rate in its water supply system (42% leakage rate in 2018), 
with issues particularly in the south of the country with Campania at 46.7%, and Sicily at 50% (ISTAT, 2021). 

The main environmental policies implemented by the Italian government considered an improvement of the waste management and wastewater 
treatment, and the implementation of site-specific conservation techniques. 
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4.3.7 Environmental degradation at the European Region (Terrestrial and Marine scales) 

In order to analyze environmental degradation processes over terrestrial and marine ecosystems an additional 
bibliography search was conducted on Scopus, considering ‘Terrestrial Environment Degradation’ and 
‘Marine Environment Degradation’ (using these terms as topic).  

In Figures 5 are given the results from this new bibliographic search reporting the most frequent keywords 
involved in the field of terrestrial and marine environmental degradation.  

 

Figure 5 - Analysis of high-frequency keywords in relation with “Environmental Degradation”. 

This analysis gave as results (i) generic terms highly correlated with the search terms and thus having little 
interest (e.g. Degradation, Environmental Degradation, etc.), (ii) broad drivers or processes connected to 
environmental degradation (.e.g climate change, biodegradation, toxicity), (iii) more focused drivers of 
environmental degradation (e.g. soil pollution, microplastic, deforestation). 

On the base of this list in figure 5 and focusing on RETURN objective we produced a small focus on key 
examples of environmental degradation processes of particular interest in RETURN, namely plastics, 
wildfire e pathogens. These 3 groups are just exemplative cases of the environmental degradation at very 
diverse scale. In addition, we plotted the resulting papers organized in the three above categories into the 
following sections which are of a special interest for RETURN: namely Database, Mapping, Transport 
Model, Innovative Modelling approaches. These can give a global view of the effort of the research in these 
domains. 

Then in the following sections (section 4.3.8 and section 4.3.9), a detailed analysis of few examples of 
degradation sources found at both terrestrial and marine components resulted from the bibliometric analysis 
and the degradation sources highlighted on the ambient of the RETURN project is presented.  
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4.3.8 Terrestrial Environmental Degradation 

 

Figure 6 - Analysis of high-frequency keywords in relation with “Terrestrial Environmental Degradation”. 

4.3.8.1 Plastics  

Microplastics (MPs) in terrestrial environment are known to have substantial impacts on soil ecology and 
agricultural productivity. Accordingly, it is critical to set an efficient, accurate, and reliable assessment 
methodology of MPs in terrestrial areas. Figure 6 shows that the most frequently appeared groups of 
keywords involved in the field of terrestrial plastics can be grouped as: (i) field-based database: Plastic-
covered Greenhouses and vineyards; (ii) remote sensing database: Landsat, Sentinel-2, Hyperspectral 
Imaging and UAV; (iii) mapping scales: large-scale mapping; and (iv) innovative management techniques: 
Machine Learning and Decision Trees.  

A more detail accounting of the publications produced under this theme is given in the following note3. 

                                                           
3 The presence of plastics in the environment is of rising interest and presents a pressing environmental issue, especially due to the worldwide diffusion 

of single-use plastic in supply-chains and microplastics releases (Welden, 2020). The current situation, accompanied with incorrect disposal, results 
in further contamination of terrestrial environments. In 2010, the European plastics industry produced 57 million tonnes of plastic, that represents 
21.5% of world production. Five percent of this amount was dedicated to agriculture (Briassoulis et al., 2013). For this purpose, European 
environmental policies are addressing plastic consumption and the resulting pollution. Following this path, the European Green Deal (European 
Commission, 2019) includes as political guidelines reducing intentionally added microplastics and unintentional releases of plastics.  

Laboratory-based spectroscopy approaches for microplastics assessment such as Scanning electron microscopy, Fourier transform infrared spectroscopy 
(Simon et al., 2018) and Raman spectroscopy (Anger et al., 2019), were used for MPs estimation. Even though these techniques showed advantages 
in determining chemical compositions, laboratory spectroscopic techniques are usually labour-intensive, and time and cost consuming (Shi et al., 
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4.3.8.2 Wildfire  

Although wildfire is an integral part of certain ecosystems, many regions of Europe are facing increasing 
challenges managing wildfires that are mainly caused by frequent drought and heat wave events as a result 
of climate change (Abatzoglou et al., 2019; Costa et al., 2020).  

A more detail accounting of the publications produced under this theme is given in the following note4.  

                                                           
2022). Moreover, in order to ensure the mapping of the MPs, laboratory-based spectroscopy need to be coupled with geographic information 
systems (GIS) approaches.  

The identification of the amount and degree plastics waste in the terrestrial environment based on the use of free-of-charge spaceborne earth observation 
techniques have the potential to map the degradation source at large-scale, thus reducing on-the-ground manual investigation. Indeed, satellite 
imaging systems have the potential to identify plastic products based on their unique spectral signature. Following these approaches, the assessment 
can be computed based on the plastic type-specific absorption bands. Most of the publications highlighted the importance of the use of multispectral 
optical imaging satellites i.e., Landsat and Sentinel-2 (Figure 6), for the mapping of plastic litter in the environment. Landsat satellites are 
characterised by an earth revisit time equal to 16-days, and a spatial resolution of 30 m (Lanorte et al., 2017). In this regard, Lavender (2022) 
developed a Machine Learning-based classifier (including an Artificial Neural Network and post-processing decision tree) based on Sentinel-1 and 
Sentinel -2 data; created a dataset with terrestrial cases by digitizing varying landcover classes alongside plastics under the sub-categories of 
greenhouses, plastic, tyres and waste sites; and generated high accuracy statistics in mapping the occurrence of plastic waste in terrestrial 
environments. The findings of Lanorte et al. (2017) revealed encouraging accuracy assessment while estimating plastic waste by means of Support 
Vector Machines and Landsat 8 imagery. Even though low-moderate spaceborne images are useful in detecting plastic waste, the recent availability 
of very high-resolution data proved to be very suitable for the mapping of plastic coverings. Thus, depending on the area size of the studied objects, 
the proper imagery datasets can be detected. Hyperspectral earth observation systems were largely considered in plastic research cases with the 
objective to assess the size, shape, texture, material composition, morphology, and the spatial distribution of different parameters (Lodhi et al., 
2019). The authors of (Schmidt et al., 2023) compared both multispectral imaging systems and hyperspectral sensors in differentiating plastics from 
other land cover types, and showed the importance of the narrow shortwave infrared bands in the diagnostic of plastics.  

Another important factor that appeared in a number of articles is the adequate management of Plastic-covered Greenhouses. An extensive and steadily 
expanding use of plastic in agriculture, and particularly in protected horticulture, has been reported in the European area. Plastics consumed within 
the agriculture sector constitute around 2% of the total consumption of plastics in in Europe per year (EUPC, 2007). However, in these countries, 
there are often inefficient management schemes, with data on the use of plastics in agriculture challenging to obtain. As a matter of fact, a major 
part of agricultural plastic waste is either buried or ended up in landfills, which in both cases represents a huge threat being a cause for soil 
contamination and degradation of soil quality characteristics (Briassoulis et al., 2010). Proper mapping and monitoring of Plastic-covered 
Greenhouses can be particularly beneficial for their proper reuse from an expired greenhouse as a sustainability perspective to mitigate plastic 
pollution after the harvesting season. Plastic-covered Greenhouses’ monitoring can help policymakers mitigate environmental issues directly related 
to agricultural plastic residues. The advancement in image processing algorithms, e.g., pixel-based, object-based, and Machine Learning approaches 
presented promising results for the mapping of land use changes in plasticulture areas (Veettil et al., 2023). Remote sensing of plastic coverings is 
a particular field of application of the automatic mapping techniques of land use due to several peculiarities; it depends strongly on the spatial, 
temporal and spectral characteristics of the considered objects and of the sensor due to: the similarity of plastic agricultural equipment to other 
terrestrial objects, the change of the spectral signal of the plastic with the underlying vegetation reflectance properties; and the seasonally dependent 
use of plastic covering films (Agapiou et al., 2016; Aguilar et al., 2014; Novelli et al., 2016).  

As indicated in Figure 6, diverse documents highlighted the importance of the spatial resolution/large-scale mapping in relation with plastic waste 
mapping. Actually, despite the efforts to expand knowledge in the field of plastic detection and classification, a number of difficulties with regard 
to the spatial resolution of the litter are still rising. Due to the limited coverage of plastic per pixel that occurs in the majority of the study cases, 
sensors characterized by a relatively low spatial resolution may make it difficult to detect targeted plastic litter from spaceborne imaging systems. 
Additionally, the signal-to-noise ratio of operational sensors may also raise concerns for this kind of application (Hu, 2021). Higher spatial 
resolution in plastic waste research allows for more detailed monitoring of pollution and also provides ways to cancel local microplastics. Although 
it is possible to deploy airborne hyperspectral sensors that cover the entire electromagnetic spectrum, data collection campaigns may be more 
expensive and require additional legal procedures. Additionally, data processing consumes more resources compared to multispectral images. In 
an experiment considering the spatial resolution of the input imagery, Iordache et al. (2022) have shown that the detection of areas polluted with 
plastic is not only dependent on the spectral-spatial responses of the scanned pixels, but also on the spatial distribution of the contained materials. 
In other words, mixed pixels containing waste in images with low spatial resolution require adjusting the training data or considering ways to 
analyse the subpixel composition, such as spectral unmixing. In their research, Iordache et al. (2022) concluded that the discrimination power 
between litter and natural materials decreases with the degradation of the spatial resolution. When the spatial resolution degrades, more spectral 
mixing occurs in the area of plastic litter. The problem of mixed pixels can be addressed by including mixed spectra in the training database during 
the training phase, or by using other techniques based on pure pixels e.g., sparse spectral unmixing (M. D. Iordache et al., 2011; M.-D. Iordache et 
al., 2011). 

4 Heat waves and forest fires are frequently considered hugely related risks as extreme temperatures play a key part in both events. Forest fires are a 
familiar issue in Europe (Fernandez-Anez et al., 2021), where most of the burned areas have historically been found in the Mediterranean region 
(Khabarov et al., 2016; Migliavacca et al., 2013). In this context, 2022 registered the most severe drought for 500 years in Europe, which coincided 
with an extreme fire season in which a burned area of about 8600 km2 was reported by the European Union (Schumacher et al., 2022). In addition, 
forest fire models forecast an enlargement in anticipated burned zone and related emissions under future climate scenarios in Europe (Khabarov et 
al., 2016; Migliavacca et al., 2013). For a better comprehension of the impacts of wildfires, the basis of the fires surveilling systems is the detection 
and analysis of active fires, burned areas mapping, and the assessment of fire severity, and pre- and post-fire conditions (Lentile et al., 2006). 
Changing fire regimes impact ecosystem resilience and ecosystem services, including carbon storage, water provision, and erosion protection 
(Bowman et al., 2020). EU’s biodiversity strategy for 2030 is threatened by this fire changing regime, as observed from the 2021 and 2022 fire 
seasons in Southern Europe and in the Mediterranean biome in general (European Commission, 2020).  

Timely and accurate information on ongoing wildfire activity is a crucial requirement for effective decision-making regarding fire hazards and 
management. Single vegetation and soil indicators can be used to thoroughly assess the severity of a fire in the field (Hammill et al., 2006). On-
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ground assessment of severity methodologies is used to estimate index values that outline general fire impacts within an area, that can be defined 
also as the the average burn condition on a plot. Field data makes it possible to sample a representative number of plots over sizable areas. The 
main goal is to cover as many fire effects and biophysical settings as possible in order to accurately represent the range of variation found within 
burns (Carl H. Key et al., 2006). Nevertheless, due to the time and resource costs, evaluating large fires based only on field-based indicators is not 
practical. Independent of the quality of those methods, some of these studies deployed experimental systems, what hampers the operational 
application for forest surveys and monitoring extents (Szpakowski et al., 2019).  

The analysis of the high-frequency keywords described in Figure 6, reveal the huge importance of remote sensing techniques for wildfire studies. 
Compared to conventional field surveys, remote sensing has shown higher accuracy in mapping forest fires on a regular basis. This is particularly 
relevant considering recent developments in remote sensing data acquisition and fusion techniques. Remote sensing provides the opportunity of 
analysing conditions and monitoring changes over large geographic extents, making it useful for studies in fire ecology. As confirmed by the 
bibliometric analysis, these measurements have been used to assist respectively in (i) fire risk assessment (Gerdzheva, 2014; Jan M Baetens et al., 
2022), (ii) fire hazards (Heisig et al., 2022; Laneve et al., 2020), (iii) burn and fire severity (Morresi et al., 2022; Nolè et al., 2022; Schepers et al., 
2014), and (iv) burned area mapping (E. Chuvieco et al., 2012). As described below, we will discuss each case separately while referring also to 
their adequate remote sensing assessment technique and resolution. It is worth mentioning that the bibliometrics presented three main categories of 
remote sensing sensing systems for wildfire research which are space-based multispectral sensors (i.e., Modis, Landsat and Sentinel-2), followed 
by Radar and Lidar data, and UAV sensors. 

Remote sensing has been used extensively in recent studies to evaluate vegetation conditions, classify land cover, provide elevation data, and validate 
proposed risk assessments related to wildfires. Given its correlation with fuel types and characteristics, landcover is a critical factor in assessing an 
area's potential risk of fire events (Vilar et al., 2021). Multispectral based remote sensing information, when paired with other spatial data, enables 
researchers and land managers to evaluate the risk of fire propagation and ignition for different spatial extents. Given that long- and short-term 
mapping require distinct spatial and temporal resolutions, selecting the right sensors for fire risk mapping is crucial. Since long-term fire risk maps 
are not updated regularly, a high temporal resolution is not required.  In this context, sensors characterised by a high to moderate spatial resolutions, 
e.g., Landsat, are capable of providing data for mapping the required inputs for long-term fire risk maps. A spatial resolution at the range of 30 m 
is considered adequate for classifying inputs such as land cover/land use and so is appropriate for long-term risk maps. For short-term fire risk 
mapping a higher temporal resolution is required (daily). While it is possible to map the required variables with the previously mentioned sensors, 
the low temporal resolution limits the user’s ability to rapidly update dynamic conditions. As a result, it may be more appropriate to use coarser 
spatial resolution sensors (>100 m) which have more frequent revisit intervals, such as MODIS (2 days). The sensors onboard the Sentinel-2 
satellites have a revisit interval of three to five days, which makes these systems capable of weekly updates to fire risk maps. For short-term 
mapping, a combination of sensors may be most appropriate, using high to moderate spatial resolution sensors to map static conditions while using 
coarse spatial resolution sensors to rapidly (daily) update dynamic conditions. 

The burn severity in areas affected by wildfires is an important measure of fire’s impact on the landscape. All ecosystems and in particular ecosystems 
in European-Mediterranean climates are affected by fires. For an appropriate planning and management of post-fire response, two main key tools 
are fundamental i.e., a comprehension of the drivers mostly affecting burn severity trends and accurate mapping of the post-fire consequences. 
Burn severity is commonly measured in the field using the composite burn index (CBI), which involves an optical assessment of burned areas to 
determine the fire impacts on ecological conditions. Due to the requirement for a systematic method to evaluate burn severity among various 
environments, the CBI was developed to provide visual assessments to be conducted by rating the extent of fire damage, as well as the estimated 
vegetation recovery for the investigated area. CBI estimates are time dependent and demand on-site visits of the burned sites in order to carry out 
the assessments. Although required, field-based burn severity monitoring is time- and resource-consuming. For that reason, remote sensing-based 
assessment is currently widely used. Examples include the European Forest Fire Information System (EFFIS, http://effis.jrc.ec.europa.eu ) and 
many research studies (Fernández-García et al., 2022; Quintano et al., 2018). High to moderate spatial resolution imagery is necessary for burn 
severity assessments since coarser resolutions are unable to recognize patterns in burn severity. This makes sensors on the Landsat series and the 
Sentinel-2 sensors ideal for burn severity detection. These sensors' long temporal resolution is a restriction that makes it challenging to rapidly 
collect data on post-fire conditions. Another limitation of the passive satellite sensors is their incapacity to penetrate the forest canopy (Keane et 
al., 2001). For this purpose, UAV and Lidar techniques may provide effective substitutes to orbital sensors. Fine resolution LiDAR data can provide 
pre- and post-fire forest structure metrics, which can be altered to various extents based on the degree of the burn. The findings of (García-Llamas 
et al., 2019) in their study to evaluate whether LiDAR can be a valid tool for understanding how pre-fire vegetation structural characteristics control 
fire severity, highlighted the potential of low-density LiDAR for evaluating fuel structure throughout the coefficient of variation of heights and 
concluded the applicability of using pre-fire vegetation structure measurements from LiDAR data for predicting burn severity, as a valid 
complement to spectral satellite measurements. In order to map the severity of burns, some studies have combined multispectral and hyperspectral 
imagery with post-fire LiDAR data. Fernandez-Manso et al. (2019) explored the relative influence of pre-fire vegetation structure and topography 
on burn severity compared to the impact of post-fire damage level and evaluates the utility of the Maximum Entropy (MaxEnt) classifier trained 
with post-fire EO-1 Hyperion data and pre-fire LiDAR to model three levels of burn severity at high accuracy, on a large fire in central-eastern 
Spain; and demonstrated the validity of MaxEnt as one-class classifier to model burn severity accurately in Mediterranean countries, when trained 
with post-fire hyperspectral Hyperion data and pre-fire LiDAR. UAV technology is being adopted by fire researchers to rapidly analyze fire 
occurrence with innovative approaches. This technology has recently been applied to research focusing on burn severity assessment (Correia et al., 
2020). UAV sensors provide a means to acquire hyperspatial datasets at temporal intervals determined by the user. While the limited options for 
UAS cameras is improving, most current UAV research has been limited to the visible wavelengths, which restricts the types of indices that can be 
derived from the data (Pérez-Rodríguez et al., 2019). Even though hyperspectral imaging was not mentioned as frequent used keywords on the 
studies of wildfire mapping, Quintano et al. (2023) revealed that the availability of spaceborne hyperspectral data has great potential to provide fire 
severity estimates that align with post-fire management needs, overcoming complex logistics and data acquisition costs of airborne hyperspectral 
sensors, and the suboptimal sensitivity of broadband data to several post-fire ground components. Results revealed that continuum fire severity 
estimates using PRISMA data clearly outperformed those based on Sentinel-2, the spaceborne mission with multispectral band setting capabilities 
that has previously provided the most reliable results. Also, the PRISMA-based classification of fire severity was accurate and solved the typical 
confusion between moderate and low/high fire severity categories when using broadband multispectral data.  

Burned area estimates are of critical importance for land managers, climate scientist, and policymakers. Burned area estimates provide accurate spatial 
representations of fire extents and perimeters. Accurate maps of the areas affected by wildfire are needed for rehabilitation planning, calculating 
the economic and environmental cost of fires, and for regional and global scale estimates in gas and particulate emissions (Fiorucci et al., 2008; 
Laneve et al., 2020; Sirca et al., 2018). In fact, accurate data on burned area is essential to determine the factors influencing the changes in fire 
activity (Andela et al., 2017), estimate fire risk (Lasaponara et al., 2018), and create techniques for predicting fire risk (Turco et al., 2018). 
Depending on the extent and objective of the assessment, numerous methods are employed to estimate the burned area. Remote sensing technologies 
provide a means for estimating and mapping burned area at local, regional, and global scales (Szpakowski et al., 2019). At a local scale, burned 
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4.3.9 Marine Environmental Degradation  

Figure 7 groups the most frequently appeared keywords involved in the field of marine environmental 
degradation, for the case of plastics, eutrophication and pathogens.  

 

Figure 7 - Analysis of high-frequency keywords in relation with “Marine Environmental Degradation”. 

4.3.9.1 Plastics  

Statistics revealed that within the marine environment of the Mediterranean sea, 3760 t of marine plastics are 
currently floating on the sea surface, of which 84 % are likely to end up on beaches and the remaining 16 
% will end up sinking to the seafloor or are neutrally buoyant in the water column (Tsiaras et al., 2021). 
This situation imposes a growing global concern over the chemical, biological and ecological impacts of 
marine plastic pollution on the environment. In the European scale, the Marine Strategy Framework 
Directive is the main legal instrument to protect the European’s marine environment (Frantzi et al., 2021). 
In this framework, marine litter is one of the eleven qualitative listed descriptors, that is targeted toward 
achieving Good Environmental Status. To address important scientific queries about the origins, 

                                                           
area estimates can be performed using high and moderate spatial resolution sensors. These sensors are typically used for change detection via 
spectral index generation and image differencing (Bastarrika et al., 2011). At regional and global scales, coarse spatial resolution orbital sensors, 
e.g., MODIS are particularly suitable due to their ability to gather data among vast areas over short time periods. In view of this, the majority of 
regional and global burned area products are produced by analyzing data from coarse spatial resolution orbital sensors, in order to have dense time 
series, like the FireCCI51 product (Lizundia-Loiola et al., 2020) and the MCD64A1 product (L. Giglio et al., 2018) at 500 m, both derived from 
MODIS images observation. The FireCCI51 project, which is part of the European Space Agency (ESA) Climate Change Initiative (CCI), has 
developed long-term time series of burned area products at 250 m. In Italy, since summer 2019, a fully automatic end-to-end processing chain for 
near real-time burned area mapping from Sentinel-2 data is employed in pre-operational mode by the Italian Department of Civil Protection. Based 
on change detection, the processor, named AUTOBAM (AUTOmatic Burned Areas Mapper) (Pulvirenti et al., 2020), generates burned area maps 
in 6-7 hours. The detection of small fires (less than 100 hectares) is the only drawback of the coarse-resolution data (e.g., 250–500 m) used to 
generate global burned area products (Emilio Chuvieco et al., 2022). 
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distribution, and movement of plastic in the ocean, efficient mapping and monitoring of plastic objects is 
required.   

Three main groups of techniques could be distinguished from the bibliometrics: (i) laboratory infrared 
spectroscopy, (ii) spaceborne sensors, and (iii) Unnamed Aerial Vehicle (UAV). 

A more detail accounting of the main findings from publications produced under this theme is given in the 
following note5. 

                                                           
5 Infrared spectroscopy has evolved into a key instrument in the identification of microplastics in environmental samples. Reflectance Fourier Transform 

Infrared spectroscopy is a perfect approach to recognize micro-plastics given its non-destructive nature, modest sample preparation requirements, 
and ability to produce IR absorption spectra for thick and opaque materials (Ojeda et al., 2009). Furthermore, reflectance-FTIR spectroscopy may 
present an alternative to present microplastic analytical methods, since it provides spatially resolved chemical particularity (enabling to identify the 
particle size, abundance and polymer identity); prevents the issues related to complete infrared absorption by larger particles; and lacks the need 
for costly infrared-transparent substrates (Willans et al., 2023). In this regard, the capability of spectral reflectance information to discriminate 
plastic from other targets was driven by the research of (Tasseron et al., 2021). In their publication, the authors provided a hyperspectral laboratory 
setup to gather spectral signatures of forty microplastic products and recognized absorption peaks of plastics on the 1215 nm and 1410 nm. Still, 
the analysis of environmental microplastic particles using FTIR microscopy remains a challenging task due to spectral distortion caused by 
irregularly shaped particles and non-uniform refractive indices in heterogenous samples, as well as the very high number of individual particles 
within a single sample.  

The difficulty in interpreting reflectance spectra is further aggravated by a scarcity of extensive polymer spectral libraries collected in reflectance modes. 
Therefore, automatable, fast and robust approaches are highly requested.  

satellite imagery has begun demonstrating significant possibilities for the identification and tracking of riverine and marine plastic pollution (M. De 
Giglio et al., 2021; Garaba et al., 2020). In fact, remote sensing imagery occupies an important spot since it offers valuable earth observation 
products, along with additional crucial development, on finding achievable approaches to marine plastic pollution. Satellite imagery has proven to 
be a valuable instrument in tracking marine litter and suspected plastics, enabling a more comprehensive assessment and administration of this 
critical environmental problem. In contrast to conventional ground-based approaches, remote sensing presents a holistic view of debris patterns, 
enabling the recognition of hot spots and accumulation sites. Furthermore, the non-disruptive nature of remote sensing prevents disturbances to 
fragile marine environments while collecting data. Thus, the application of remote sensing techniques in monitoring microplastics holds immense 
promise in advancing our understanding of the issue and guiding effective conservation strategies(Karakuş, 2023). Near to shortwave infrared 
(NIR-SWIR) imaging from spaceborne systems are expected to be an upcoming source of additional data with a broad spatial coverage for the 
identification and monitoring of aquatic plastics.  

Biermann et al. (2020) demonstrated that spots of floating macroplastics may be identified using optical data gathered by the European Space Agency 
(ESA) Sentinel-2 satellites and, furthermore, are distinct from naturally occurring materials such as seaweed. The results of the study demonstrate 
that floating aggregations are able to be identified at sub-pixel scales and seem to be composed of a mix of seaweed, sea foam, and macroplastics. 
The authors leveraged spectral shape to identify macroplastics, and a Naïve Bayes algorithm to classify mixed materials with an accuracy of 86%. 
Topouzelis et al. (2019) recently proved that spectra obtained from drone cameras and the Sentinel-2 MSI demonstrated that floating plastic 
continually reflected light in the near-infrared (NIR). The proportion of floating plastic within pixels appeared to have a major impact on reflectance 
intensity. As a result, if water covers over 50 to 70% of a specific pixel, it displays poor reflectance in the NIR. Pixels composed of a minimum of 
30% of plastic bags/bottles, or 50% of fishing net, the characteristic reflectance and absorption features of floating plastics are noticeable. 
Multispectral satellite imagery studies, in contrast to hyperspectral imaging systems, are constrained by a fixed number of bands representing 
central wavelengths, typically with a 20-40 nm range around the central bandwidth (Tasseron et al., 2021b). The capability to exploit narrow 
spectral features in the near and shortwave infrared regions of the electromagnetic spectrum (800-2500 nm) that are unique to plastic polymers 
constitutes an advantage of employing optical hyperspectral sources of data. (Kremezi et al., 2021) used satellite hyperspectral data for recognizing 
small-sized marine plastic waste implementing and assessing 13 pan-sharpening techniques for their capacity to spectrally distinguish plastics from 
water, and reported that based on the generated indexes, the approach has adequately identified the plastic targets and distinguished them from 
different substances. 

Given the vastity of oceans, the extent of coastal areas, and the time required to process massive amounts of remotely sensed data through conventional 
approaches, Machine Learning algorithms combined with recently accessible hyperspectral satellite information must be investigated.   

In this respect, Kikaki et al. (2022) developed a Marine Debris Archive (MARIDA) dataset that consists of 1381 patches with 837,357 annotated pixels 
from 63 Sentinel-2 scenes obtained within 2015 and 2021. The patches are distributed over eleven countries. MARIDA dataset is based on Sentinel-
2 multi-spectral satellite data providing 15 thematic classes including (marine debris, dense sargassum, natural organic material, clouds, foam, etc.).  
MARIDA consists of 3339 (0.4%) Marine Debris pixels overall that are described as “floating plastic and polymers, mixed anthropogenic debris”. 
Of these plastic pixels, 1625 pixels were digitised and annotated with high confidence. This study also explored the usefulness of various machine-
learning algorithms in identifying marine debris. Three variations of the random forest model were investigated, as well as a U-net model where 
Random Forest models exceeded the U-net model. 

Simultaneously to the aforementioned recent studies on analysing spectral features to discriminate marine debris and floating plastics from others, 
Scientists also examined the identification ability of aerial and drones. Unmanned Aerial Vehicles (UAV) offer affordable monitoring allowing 
wide area coverage and very high geospatial resolution collection of information (R. Alenezi et al., 2018). UAV studies confirmed the capability 
to complement ocean surface net trawl datasets of marine litter (Garaba et al., 2018).  

Research using airborne data, optical satellite imagery, remote piloted aerial vehicles (RPAS, also called UAVs) and reflectance models have 
demonstrated the possibility of identifying macroplastics across vast geographic regions and management catchments. If appropriate models and 
algorithms can be developed, satellite remote sensing in particular can offer high quality, standardised detection on a global scale. 
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4.3.9.2 Eutrophication  

The immense value of ecological services offered by freshwater bodies is of infinite importance. Yet, the 
productivity and biodiversity of freshwater bodies are drastically decreasing because of global climate- and 
anthropogenic-induced changes. Global eutrophication endangers aquatic biodiversity and ecosystem 
function. Water eutrophication occurs when nutrient levels, particularly nitrogen and phosphorus, are 
excessively high, which leads to increased productivity and reduced dissolved oxygen levels and affects 
the normal activities of aquatic organisms. It is essential to develop accurate and efficient research methods 
for mapping eutrophication. 

To target efforts to remediate eutrophication, information is required on its spatial distribution, and temporal 
development (Figure 7). This information is commonly available at a site or catchment-scale, but seldom 
available at a regional or national scale. As a matter of fact, high spatial data is crucial to ensure effective 
decision-making processes concerning, the protection of a particular area from eutrophication effects, the 
assessment of spatial trade-offs between ecosystem services, and to ensure policies implementation and 
targets (Townsend et al., 2014). In order to ensure accurate and reliable mapping of the coastal defies, some 
challenges are important to consider. A first challenge is related with the gathering of enough qualitative 
and quantitative information to describe all the dimensions of marine ecosystems (Tempera et al., 2016). 
The second challenge concerns the scale of the mapping. Most studies are performed at the regional or 
national scale (Martnez-Harms et al., 2012), while there is the need to improve our knowledge regarding 
marine ecosystem services using global datasets that have higher resolution (Tyberghein et al., 2012). 

A more detail accounting of the main findings from publications produced under this theme is given in the 
following note6. 

                                                           
6 Conventional monitoring methods (monitoring stations, and field and laboratory sampling) for extracting eutrophication processes usually involve 

taking static samples and performing analysis of bacterial blooms in water, which are limited by traditional site-based temporal and spatial resolution 
and requires to be interpolated to the entire area (E. J. Tebbs et al., 2015; Emma J. Tebbs et al., 2020). Thus, field and laboratory methods not 
adequate especially in large lakes, where it may not fully capture the overall water quality due to the limited scope and the exponential raise up of 
related difficulties (Haji Gholizadeh et al., 2016).  

Aside from conventional techniques, remote sensing (as shown by the computed bibliometric analysis – Figure 7) is an effective tool for mapping 
coastal stresses distributions over large scales. For short- and long-term water quality seasonal variation studies, remote sensing is an approachable 
and feasible tool, that can be a synergistic, potent, and complementary technique for coastal leaders to enhance up-to-date environmental 
surveillance along with providing observations over environmental emergencies or crises, as well as for coastal preservation and assessment at a 
macro spatial scale mapping (Caballero et al., 2022). According to current studies, increased spatial resolution might be employed across complex 
coastal water areas in order to accurately describe the status of coastal regions by means of images from satellites (Cao et al., 2021; Stumpf et al., 
2020). Different sensors onboard on satellites namely the Operational Land Imager (OLI) in Landsat, the Moderate Resolution Imaging 
Spectroradiometer (MODIS), and Multi-Spectral Instrument (MSI) in Sentinel-2, have been indicated in the literature and by the bibliometrics to 
map eutrophication. By applying high-resolution satellite imagery, Caballero et al. (2022) observed the quality of the seawater during the 
September–December 2021 volcanic eruption on La Palma Island (Spain), which has been reported as the longest in the island's history and the 
most damaging in Europe in the past century.  

The Sentinel-2A/B twin satellites and Landsat-8 satellite were jointly used as an optical constellation, which allowed a successful characterization of 
the short- and medium-term evolution of the new lava delta and subsequent impact on the seawater. The authors concluded that even though there 
is a tendency towards hyperspectral optical missions use for coastal observations and water quality mapping, the available present multispectral 
sensors combination strategy is an excellent opportunity to highlight the potential of remote sensing technology as a relevant and powerful tool for 
future hazard monitoring and assessment during catastrophes and for a better interpretation of their impact on the marine environment. 

A mapping technique that was also presented by the bibliometrics is the eutrophication classification. In the literature, classification techniques namely 
supervised classification (Bermejo et al., 2020), and unsupervised classification (Duffy et al., 2018) have been used in vegetation mapping in coastal 
and estuarial areas. For both classification types, the results need to be validated with ground-truth data. Despite its simplicity, Schroeder et al. 
(2019) research concluded that one of the limitations of both supervised and unsupervised classification is that it results in errors due to digital 
noise and these must be removed carefully.  

In recent years, machine learning-based predictions have gained popularity in coastal mapping. They have been used to investigate oceanic, coastal, 
and inland water environments (Reichstein et al., n.d.). So far, a variety of machine learning methods have been applied to qualitative or quantitative 
monitoring of various water quality parameters in lakes, including algal bloom, chlorophyll a, Suspended Particulate Matter, Coloured Dissolved 
Organic Matter, Dissolved Organic Carbon concentration, and Particulate Organic Carbo (Kotta et al., 2018). Artificial Neural Network (ANN) 
offers the potential to deal with a large number of training samples and model complex relationships taking advantage of multiple input variables 
(Bourquin et al., 1998). Unlike other models, ANN offers the scope for future additional optimization, by the inclusion of more samples which in 
turn increases the robustness. Therefore, the addition of more samples and the consideration of further variables provide a learning opportunity to 
the ANN model which improves predictability over time. These neural networks when adequately trained can model the natural environment 
making them suitable to big-data applications such as remote sensing. Despite numerous benefits, there are some drawbacks of ANN in relation 
with the large number of training samples, which may be difficult for smaller scale studies. 
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4.4 Results and discussion on Synoptic Evaluation of source and 
scales of environmental degradation 

On the base of all above bibliometric analysis, here we have attempted to frame all environmental degradation 
stressors reported in RETURN VS4 into a synoptic scheme enabling to evaluate source and scale of 
degradation. 

As already known, the main environmental degradation drivers identified in RETURN are the followings: 
contaminants (traditional and mixtures), plastic (litter, bioplastic), as best (and particulate matter), wildfire, 
climate change, desertification (land degradation), marine acidification & eutrophication, pathogens (and 
bio-invasion). 

On the base of the bibliographic search, in Figure 8, we reported the main drivers of environmental degradation 
as formalised in RETURN plotted with respect to both spatial extent and spatial resolution.  This figure 
highlights the large variety of approaches dealing with environmental degradation. In general terms – as 
expected – there is an inverse relationship between spatial extent and spatial resolution (in some cases, such 
as the case of soil contamination, it can be assumed that the spatial resolution is the support of the 
measurement). Explaining further this concept, in Figure 8 climate change approaches are typically 
characterised by a rather coarse resolution over very large areas while at the other extreme there are most 
of the studies related to contaminants which – typically – refer (in addition to lab experiments) to specific 
point in the space (e.g. soil sample in a farm) and this is normally associated to a very small spatial extent 
(small areas). In between desertification, wildfire.  

Considering RETURN ambition in supporting policy related to risk, in Figure 8 we reported some examples 
of multilevel policy. For instance, climate change data are available at coarse resolution but for the entire 
EU territory; then any development in this area may contribute towards EU policies. On the other side soil 
pollution analysis or monitoring typically refer to local side and the outcoming results of this approach 
maybe of large interest for local policy makers. 

 

Figure 8 - Main drivers of environmental degradation as formalised in RETURN. These stressors are plotted 
with respect to both spatial extent and spatial resolution. 
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In Figure 9, we further implemented Figure 8 plotting the research domains as related all the other RETURN 
Spokes (VS1,2,3, TS1,2, D1). In most cases, this research remains within the red circle depicted in the 
figure. The spatial extent and spatial resolution connected with this red circle is particularly important 
because it is coherent with RETURN objective of “strengthen Italian governance in managing disaster 
risk, through the enhancement of basic knowledge (low TRL) towards technology application and 
exploitation”. Here it is evident that most RETURN spokes having this governance disaster management 
attitude are well placed covering both regional and national spatial extent with good trade-off in term of 
spatial resolution. 

 

Figure 9 - Here on the same illustration of Figure 8 are reported RETURN Spokes VS1,2,3, TS1,2 and D1. 

In view of this evidence, we suggest that – in RETURN - research domains dealing with contaminants and 
climate change should try to approach the red circle in order to provide operational answer towards risk 
governance. 
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5. Conclusions 

Large scientific effort has been devoted to the concepts and approaches for the monitoring and assessment of 
environmental degradation, and to the question of how these threats need to be challenged in order not to 
cause additional harm to the ecosystem functions and their connection to scales. Here it has been reported 
(i) a scientific study, based on the bibliometric analysis devoted to examine the main drivers of 
environmental degradation as occurring in RETURN and (ii) a synoptic evaluation demonstrating the 
critical trade-off between spatial extent and spatial resolution (or also support of measurements) ads 
resulting from the analysis of papers with reference to RETURN objectives.  

Additional comments have been produced (see notes in the text) on a series of issues such as: scale up from 
controlled local experiments, the use of high-spatial global coverage information, the use of earth 
observation sensors aimed at bridging the gaps and improving the management of the terrestrial and marine 
degradation sources, the use of drones, and satellite multispectral and hyperspectral imagery. In addition, 
it has been emphasising how papers demonstrate the importance of implementing a general global mapping 
of the contaminants source using remote sensing.  



 

27 
 

6. References 

Abatzoglou, J. T., Williams, A. P., & Barbero, R. (2019). Global Emergence of Anthropogenic Climate Change 
in Fire Weather Indices. Geophysical Research Letters, 46(1), 326–336. doi: 10.1029/2018GL080959 

AbdelRahman, M. A. E. (2023). An overview of land degradation, desertification and sustainable land 
management using GIS and remote sensing applications. Rendiconti Lincei, 34(3), 767–808. doi: 
10.1007/S12210-023-01155-3/FIGURES/29 

Agapiou, A., Papadopoulos, N., & Sarris, A. (2016). Monitoring olive mills waste disposal areas in Crete using 
very high resolution satellite data. Egyptian Journal of Remote Sensing and Space Science, 19(2), 285–
295. doi: 10.1016/J.EJRS.2016.03.003 

Aguilar, M. A., Bianconi, F., Aguilar, F. J., & Fernández, I. (2014). Object-Based Greenhouse Classification 
from GeoEye-1 and WorldView-2 Stereo Imagery. Remote Sensing 2014, Vol. 6, Pages 3554-3582, 6(5), 
3554–3582. doi: 10.3390/RS6053554 

Aidi, A., & Rosli, M. (2019). Bibliometric Analysis of Global Scientific Literature on Web Accessibility. 
International Journal of Recent Technology and Engineering, 7(6S2). 

Amobonye, A., Bhagwat, P., Raveendran, S., Singh, S., & Pillai, S. (2021). Environmental Impacts of 
Microplastics and Nanoplastics: A Current Overview. Frontiers in Microbiology, 12, 768297. doi: 
10.3389/FMICB.2021.768297 

Andela, N., Morton, D. C., Giglio, L., Chen, Y., Van Der Werf, G. R., Kasibhatla, P. S., DeFries, R. S., Collatz, 
G. J., Hantson, S., Kloster, S., Bachelet, D., Forrest, M., Lasslop, G., Li, F., Mangeon, S., Melton, J. R., 
Yue, C., & Randerson, J. T. (2017). A human-driven decline in global burned area. Science, 356(6345), 
1356–1362. doi: 10.1126/SCIENCE.AAL4108/SUPPL_FILE/FIREMIP_DATA.ZIP 

Anger, P. M., Prechtl, L., Elsner, M., Niessner, R., & Ivleva, N. P. (2019). Implementation of an open source 
algorithm for particle recognition and morphological characterisation for microplastic analysis by means 
of Raman microspectroscopy. Analytical Methods, 11(27), 3483–3489. doi: 10.1039/C9AY01245A 

Aria, M., & Cuccurullo, C. (2017). bibliometrix: An R-tool for comprehensive science mapping analysis. 
Journal of Informetrics, 11(4), 959–975. doi: 10.1016/J.JOI.2017.08.007 

Bai, B., Jin, H., Fan, C., Cao, C., Wei, W., & Cao, W. (2019). Experimental investigation on liquefaction of 
plastic waste to oil in supercritical water. Waste Management, 89, 247–253. doi: 
10.1016/J.WASMAN.2019.04.017 

Bastarrika, A., Chuvieco, E., & Martín, M. P. (2011). Mapping burned areas from Landsat TM/ETM+ data 
with a two-phase algorithm: Balancing omission and commission errors. Remote Sensing of 
Environment, 115(4), 1003–1012. doi: 10.1016/J.RSE.2010.12.005 

Bermejo, R., MacMonagail, M., Heesch, S., Mendes, A., Edwards, M., Fenton, O., Knöller, K., Daly, E., & 
Morrison, L. (2020). The arrival of a red invasive seaweed to a nutrient over-enriched estuary increases 
the spatial extent of macroalgal blooms. Marine Environmental Research, 158. doi: 
10.1016/J.MARENVRES.2020.104944 

Biermann, L., Clewley, D., Martinez-Vicente, V., & Topouzelis, K. (2020). Finding Plastic Patches in Coastal 
Waters using Optical Satellite Data. Scientific Reports, 10(1). doi: 10.1038/S41598-020-62298-Z 

Bourquin, J., Schmidli, H., Van Hoogevest, P., & Leuenberger, H. (1998). Advantages of Artificial Neural 
Networks (ANNs) as alternative modelling technique for data sets showing non-linear relationships using 
data from a galenical study on a solid dosage form. European Journal of Pharmaceutical Sciences : 
Official Journal of the European Federation for Pharmaceutical Sciences, 7(1), 5–16. doi: 
10.1016/S0928-0987(97)10028-8 

Bowman, D. M. J. S., Kolden, C. A., Abatzoglou, J. T., Johnston, F. H., van der Werf, G. R., & Flannigan, M. 
(2020). Vegetation fires in the Anthropocene. Nature Reviews Earth and Environment, 1(10), 500–515. 
doi: 10.1038/S43017-020-0085-3 



 

28 
 

Brabant, Pierre, Bied-Charreton, collab, Schnepf, & Marie-Odile. (2010). Issue 8 A LAND DEGRADATION 
ASSESSMENT AND MAPPING METHOD Comité Scientifi que Français de la Désertifi cation French 
Scientifi c Committee on Desertifi cation. Retrieved from www.csf-desertification.org 

Briassoulis, D., Babou, E., Hiskakis, M., Scarascia, G., Picuno, P., Guarde, D., & Dejean, C. (2013). Review, 
mapping and analysis of the agricultural plastic waste generation and consolidation in Europe. 
Https://Doi.Org/10.1177/0734242X13507968, 31(12), 1262–1278. doi: 10.1177/0734242X13507968 

Briassoulis, D., & Dejean, C. (2010). Critical review of norms and standards for biodegradable agricultural 
plastics part I. Biodegradation in soil. Journal of Polymers and the Environment, 18(3), 384–400. doi: 
10.1007/S10924-010-0168-1/TABLES/6 

Caballero, I., Román, A., Tovar-Sánchez, A., & Navarro, G. (2022). Water quality monitoring with Sentinel-
2 and Landsat-8 satellites during the 2021 volcanic eruption in La Palma (Canary Islands). Science of 
The Total Environment, 822, 153433. doi: 10.1016/J.SCITOTENV.2022.153433 

Cao, F., & Tzortziou, M. (2021). Capturing dissolved organic carbon dynamics with Landsat-8 and Sentinel-
2 in tidally influenced wetland–estuarine systems. Science of the Total Environment, 777. doi: 
10.1016/J.SCITOTENV.2021.145910 

Carl H. Key, & Nathan C. Benson. (2006). Landscape Assessment (LA) Sampling and Analysis Methods. 
Retrieved from 
https://www.researchgate.net/publication/241687027_Landscape_Assessment_Ground_measure_of_se
verity_the_Composite_Burn_Index_and_Remote_sensing_of_severity_the_Normalized_Burn_Ratio 

Chuvieco, E., Sandow, C., Guenther, K. P., González-Alonso, F., Pereira, J. M., Pérez, O., Bradley, A. V., 
Schultz, M., Mouillot, F., & Ciais, P. (2012). GLOBAL BURNED AREA MAPPING FROM 
EUROPEAN SATELLITES: THE ESA FIRE_CCI PROJECT. The International Archives of the 
Photogrammetry, Remote Sensing and Spatial Information Sciences, XXXIX-B8, 13–16. doi: 
10.5194/ISPRSARCHIVES-XXXIX-B8-13-2012 

Chuvieco, Emilio, Roteta, E., Sali, M., Stroppiana, D., Boettcher, M., Kirches, G., Storm, T., Khairoun, A., 
Pettinari, M. L., Franquesa, M., & Albergel, C. (2022). Building a small fire database for Sub-Saharan 
Africa from Sentinel-2 high-resolution images. Science of The Total Environment, 845, 157139. doi: 
10.1016/J.SCITOTENV.2022.157139 

Ciano, M. P., Pozzi, R., Rossi, T., & Strozzi, F. (2019). How IJPR has addressed ‘lean’: a literature review 
using bibliometric tools. International Journal of Production Research, 57(15–16), 5284–5317. doi: 
10.1080/00207543.2019.1566667 

Correia, A., Santos, L. A., Carvalho, P., & Martinho, J. (2020). The use of unmanned aerial vehicles in the 
monitoring of forest fires. Advances in Science, Technology and Innovation, 75–79. doi: 10.1007/978-
3-030-34397-2_15/FIGURES/7 

Costa, Hugo., Rigo, D. de, Libertà, Giorgio., Houston Durrant, Tracy., San-Miguel-Ayanz, J., & European 
Commission. Joint Research Centre. (2020). European wildfire danger and vulnerability in a changing 
climate : towards integrating risk dimensions : JRC PESETA IV project : Task 9 - forest fires. 

Dabirian, A., Diba, H., Tareh, F., & Treen, E. (2016). A 23-Year Bibliometric Study of the Journal of Food 
Products Marketing. Journal of Food Products Marketing, 22(5), 610–622. doi: 
10.1080/10454446.2016.1141141 

De Giglio, M., Dubbini, M., Cortesi, I., Maraviglia, M., Parisi, E. I., & Tucci, G. (2021). Plastics waste 
identification in river ecosystems by multispectral proximal sensing: a preliminary methodology study. 
Water and Environment Journal, 35(2), 569–579. doi: 10.1111/WEJ.12652 

Ding, Y. (2011). Scientific collaboration and endorsement: Network analysis of coauthorship and citation 
networks. Journal of Informetrics, 5(1), 187–203. doi: 10.1016/J.JOI.2010.10.008 

Dong, Y., Gao, M., Qiu, W., & Song, Z. (2021). Effects of microplastic on arsenic accumulation in 
Chlamydomonas reinhardtii in a freshwater environment. Journal of Hazardous Materials, 405, 124232. 
doi: 10.1016/J.JHAZMAT.2020.124232 



 

29 
 

Duffy, J. P., Pratt, L., Anderson, K., Land, P. E., & Shutler, J. D. (2018). Spatial assessment of intertidal 
seagrass meadows using optical imaging systems and a lightweight drone. Estuarine, Coastal and Shelf 
Science, 200, 169–180. doi: 10.1016/J.ECSS.2017.11.001 

EEA. (2017). Trends and projections in Europe 2017 — European Environment Agency. Retrieved from 
https://www.eea.europa.eu/publications/trends-and-projections-in-europe-2017 

Environmental Implementation Review 2022 Country Report - ITALY . (2022). Brussels. 

EUPC. (2007). European Plastics Converters | EuPC. Retrieved from https://www.plasticsconverters.eu/ 

European Commission. (2019). COMMUNICATION FROM THE COMMISSION TO THE EUROPEAN 
PARLIAMENT, THE EUROPEAN COUNCIL, THE COUNCIL, THE EUROPEAN ECONOMIC 
AND SOCIAL COMMITTEE AND THE COMMITTEE OF THE REGIONS. 

European Commission. (2020). Biodiversity strategy for 2030. Retrieved from 
https://environment.ec.europa.eu/strategy/biodiversity-strategy-2030_en 

European Environment Agency. (2023). Net land take in cities and commuting zones in Europe. Retrieved 
from https://www.eea.europa.eu/en/analysis/indicators/net-land-take-in-cities 

Fernandez-Anez, N., Krasovskiy, A., Müller, M., Vacik, H., Baetens, J., Hukić, E., Kapovic Solomun, M., 
Atanassova, I., Glushkova, M., Bogunović, I., Fajković, H., Djuma, H., Boustras, G., Adámek, M., 
Devetter, M., Hrabalikova, M., Huska, D., Martínez Barroso, P., Vaverková, M. D., … Cerda, A. (2021). 
Current Wildland Fire Patterns and Challenges in Europe: A Synthesis of National Perspectives. Air, Soil 
and Water Research, 14. doi: 
10.1177/11786221211028185/ASSET/IMAGES/LARGE/10.1177_11786221211028185-FIG6.JPEG 

Fernández-García, V., Beltrán-Marcos, D., Manuel Fernández-Guisuraga, J., Marcos, E., Calvo, L., & Lucas-
Borja, M. E. (2022). Predicting potential wildfire severity across Southern Europe with global data 
sources. doi: 10.1016/j.scitotenv.2022.154729 

Fernandez-Manso, A., Quintano, C., & Roberts, D. A. (2019). Burn severity analysis in Mediterranean forests 
using maximum entropy model trained with EO-1 Hyperion and LiDAR data. ISPRS Journal of 
Photogrammetry and Remote Sensing, 155, 102–118. doi: 10.1016/J.ISPRSJPRS.2019.07.003 

Ferreira, C. S. S., Seifollahi-Aghmiuni, S., Destouni, G., Ghajarnia, N., & Kalantari, Z. (2022). Soil 
degradation in the European Mediterranean region: Processes, status and consequences. Science of the 
Total Environment, 805. doi: 10.1016/J.SCITOTENV.2021.150106 

Fiorucci, P., Gaetani, F., & Minciardi, R. (2008). Development and application of a system for dynamic 
wildfire risk assessment in Italy. Environmental Modelling & Software, 23(6), 690–702. doi: 
10.1016/J.ENVSOFT.2007.05.008 

Frantzi, S., Brouwer, R., Watkins, E., van Beukering, P., Cunha, M. C., Dijkstra, H., Duijndam, S., Jaziri, H., 
Okoli, I. C., Pantzar, M., Rada Cotera, I., Rehdanz, K., Seidel, K., & Triantaphyllidis, G. (2021). 
Adoption and diffusion of marine litter clean-up technologies across European seas: Legal, institutional 
and financial drivers and barriers. Marine Pollution Bulletin, 170, 112611. doi: 
10.1016/J.MARPOLBUL.2021.112611 

Garaba, S. P., & Dierssen, H. M. (2018). An airborne remote sensing case study of synthetic hydrocarbon 
detection using short wave infrared absorption features identified from marine-harvested macro- and 
microplastics. Remote Sensing of Environment, 205, 224–235. doi: 10.1016/J.RSE.2017.11.023 

Garaba, S. P., & Dierssen, H. M. (2020). Hyperspectral ultraviolet to shortwave infrared characteristics of 
marine-harvested, washed-ashore and virgin plastics. Earth System Science Data, 12(1), 77–86. doi: 
10.5194/ESSD-12-77-2020 

García-Llamas, P., Suárez-Seoane, S., Taboada, A., Fernández-Manso, A., Quintano, C., Fernández-García, 
V., Fernández-Guisuraga, J. M., Marcos, E., & Calvo, L. (2019). Environmental drivers of fire severity 
in extreme fire events that affect Mediterranean pine forest ecosystems. Forest Ecology and Management, 
433, 24–32. doi: 10.1016/J.FORECO.2018.10.051 



 

30 
 

Geng, X., Wang, J., Zhang, Y., & Jiang, Y. (2021). How do microplastics affect the marine microbial loop? 
Predation of microplastics by microzooplankton. Science of The Total Environment, 758, 144030. doi: 
10.1016/J.SCITOTENV.2020.144030 

Gerdzheva, A. A. (2014). A COMPARATIVE ANALYSIS OF DIFFERENT WILDFIRE RISK 
ASSESSMENT MODELS (A CASE STUDY FOR SMOLYAN DISTRICT, BULGARIA). European 
Journal of Geography, 5, 22–36. Retrieved from https://www.uni-sofia.bg/index.php/eng 

Geyer, R., Jambeck, J. R., & Law, K. L. (2017). Production, use, and fate of all plastics ever made. Science 
Advances, 3(7). doi: 10.1126/SCIADV.1700782 

Giglio, L., Boschetti, L., Roy, D. P., Humber, M. L., & Justice, C. O. (2018). The Collection 6 MODIS burned 
area mapping algorithm and product. Remote Sensing of Environment, 217, 72–85. doi: 
10.1016/J.RSE.2018.08.005 

GIZ. (2023). Advances in remote sensing of plastic waste. 

Haji Gholizadeh, M., Melesse, A. M., & Reddi, L. (2016). Spaceborne and airborne sensors in water quality 
assessment. International Journal of Remote Sensing, 37(14), 3143–3180. doi: 
10.1080/01431161.2016.1190477 

Hammill, K. A., & Bradstock, R. A. (2006). Remote sensing of fire severity in the Blue Mountains: Influence 
of vegetation type and inferring fire intensity. International Journal of Wildland Fire, 15(2), 213–226. 
doi: 10.1071/WF05051 

Hatfield, J. L., Sauer, T. J., & Cruse, R. M. (2017). Soil: The Forgotten Piece of the Water, Food, Energy 
Nexus. In Advances in Agronomy (Vol. 143, pp. 1–46). Academic Press. doi: 
10.1016/BS.AGRON.2017.02.001 

Heisig, J., Olson, E., & Pebesma, E. (2022). Predicting Wildfire Fuels and Hazard in a Central European 
Temperate Forest Using Active and Passive Remote Sensing. Fire 2022, Vol. 5, Page 29, 5(1), 29. doi: 
10.3390/FIRE5010029 

Hu, C. (2021). Remote detection of marine debris using satellite observations in the visible and near infrared 
spectral range: Challenges and potentials. Remote Sensing of Environment, 259, 112414. doi: 
10.1016/J.RSE.2021.112414 

Huang, D., Tao, J., Cheng, M., Deng, R., Chen, S., Yin, L., & Li, R. (2021). Microplastics and nanoplastics in 
the environment: Macroscopic transport and effects on creatures. Journal of Hazardous Materials, 407, 
124399. doi: 10.1016/j.jhazmat.2020.124399 

Iordache, M. D., Bioucas-Dias, J. M., & Plaza, A. (2011). Sparse unmixing of hyperspectral data. IEEE 
Transactions on Geoscience and Remote Sensing, 49(6 PART 1), 2014–2039. doi: 
10.1109/TGRS.2010.2098413 

Iordache, M. D., De Keukelaere, L., Moelans, R., Landuyt, L., Moshtaghi, M., Corradi, P., & Knaeps, E. 
(2022). Targeting Plastics: Machine Learning Applied to Litter Detection in Aerial Multispectral Images. 
Remote Sensing 2022, Vol. 14, Page 5820, 14(22), 5820. doi: 10.3390/RS14225820 

Iordache, M.-D., & Bioucas -Dias, M. (2011). A Sparse Regression Approach to Hyperspectral Unmixing. 

ISTAT. (2021). 

Ivits, E., Verzandvoort, S., Hessel, R., Wösten, H., & Env, W. (2018). Land degradation knowledge base: 
policy, concepts and data. Retrieved from http://uls.eionet.europa.eu/. 

Jan M Baetens, Duarte Oom, J. San-Miguel-Ayanz, & Tomas Artes. (2022). Pan-European wildfire risk 
assessment. Retrieved from https://www.researchgate.net/publication/362518155_Pan-
European_wildfire_risk_assessment 

Karakuş, O. (2023). On advances, challenges and potentials of remote sensing image analysis in marine debris 
and suspected plastics monitoring. Frontiers in Remote Sensing, 4, 1302384. doi: 
10.3389/FRSEN.2023.1302384 



 

31 
 

Keane, R. E., Burgan, R., & Van Wagtendonk, J. (2001). Mapping wildland fuels for fire management across 
multiple scales: Integrating remote sensing, GIS, and biophysical modeling. International Journal of 
Wildland Fire, 10(4), 301–319. doi: 10.1071/WF01028 

Khabarov, N., Krasovskii, A., Obersteiner, M., Swart, R., Dosio, A., San-Miguel-Ayanz, J., Durrant, T., 
Camia, A., & Migliavacca, M. (2016). Forest fires and adaptation options in Europe. Regional 
Environmental Change, 16(1), 21–30. doi: 10.1007/S10113-014-0621-0/FIGURES/4 

Kikaki, K., Kakogeorgiou, I., Mikeli, P., Raitsos, D. E., & Karantzalos, K. (2022). MARIDA: A benchmark 
for Marine Debris detection from Sentinel-2 remote sensing data. PLOS ONE, 17(1), e0262247. doi: 
10.1371/JOURNAL.PONE.0262247 

Kotta, J., Wernberg, T., Jänes, H., Kotta, I., Nurkse, K., Pärnoja, M., & Orav-Kotta, H. (2018). Novel crab 
predator causes marine ecosystem regime shift. Scientific Reports 2018 8:1, 8(1), 1–7. doi: 
10.1038/s41598-018-23282-w 

Kremezi, M., Kristollari, V., Karathanassi, V., Topouzelis, K., Kolokoussis, P., Taggio, N., Aiello, A., Ceriola, 
G., Barbone, E., & Corradi, P. (n.d.). Pansharpening PRISMA Data for Marine Plastic Litter Detection 
Using Plastic Indexes. doi: 10.1109/ACCESS.2021.3073903 

Laneve, G., Pampanoni, V., & Shaik, R. U. (2020). The Daily Fire Hazard Index: A Fire Danger Rating Method 
for Mediterranean Areas. Remote Sensing 2020, Vol. 12, Page 2356, 12(15), 2356. doi: 
10.3390/RS12152356 

Lanorte, A., De Santis, F., Nolè, G., Blanco, I., Loisi, R. V., Schettini, E., & Vox, G. (2017). Agricultural 
plastic waste spatial estimation by Landsat 8 satellite images. doi: 10.1016/j.compag.2017.07.003 

Lasaponara, R., Aromando, A., Cardettini, G., & Proto, M. (2018). Fire risk estimation at different scales of 
observations: An overview of satellite based methods. Lecture Notes in Computer Science (Including 
Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), 10964 LNCS, 
375–388. doi: 10.1007/978-3-319-95174-4_30/TABLES/3 

Lavender, S. (2022). Detection of Waste Plastics in the Environment: Application of Copernicus Earth 
Observation Data. Remote Sensing, 14(19). doi: 10.3390/RS14194772 

Lentile, L. B., Holden, Z. A., Smith, A. M. S., Falkowski, M. J., Hudak, A. T., Morgan, P., Lewis, S. A., 
Gessler, P. E., & Benson, N. C. (2006). Remote sensing techniques to assess active fire characteristics 
and post-fire effects. International Journal of Wildland Fire, 15(3), 319–345. doi: 10.1071/WF05097 

Li, C., Busquets, R., & Campos, L. C. (2020). Assessment of microplastics in freshwater systems: A review. 
Science of The Total Environment, 707, 135578. doi: 10.1016/J.SCITOTENV.2019.135578 

Lizundia-Loiola, J., Otón, G., Ramo, R., & Chuvieco, E. (2020). A spatio-temporal active-fire clustering 
approach for global burned area mapping at 250 m from MODIS data. Remote Sensing of Environment, 
236, 111493. doi: 10.1016/J.RSE.2019.111493 

Lodhi, M. A., Sahar, A. H., Qayyum, N., Iqbal, S., & Shareef, H. (2019). Relationship of School Environment 
and English Language Learning at Government Schools. Public Administration Research, 8(1), 1. doi: 
10.5539/par.v8n1p1 

Martnez-Harms, M. J., & Balvanera, P. (2012). Methods for mapping ecosystem service supply: a review. 
International Journal of Biodiversity Science, Ecosystem Services & Management, 8(1–2), 17–25. doi: 
10.1080/21513732.2012.663792 

Migliavacca, M., Dosio, A., Camia, A., Hobourg, R., Houston-Durrant, T., Kaiser, J. W., Khabarov, N., 
Krasovskii, A. A., Marcolla, B., San Miguel-Ayanz, J., Ward, D. S., & Cescatti, A. (2013). Modeling 
biomass burning and related carbon emissions during the 21st century in Europe. Journal of Geophysical 
Research: Biogeosciences, 118(4), 1732–1747. doi: 10.1002/2013JG002444 

Moher, D., Liberati, A., Tetzlaff, J., Altman, D. G., Antes, G., Atkins, D., Barbour, V., Barrowman, N., Berlin, 
J. A., Clark, J., Clarke, M., Cook, D., D’Amico, R., Deeks, J. J., Devereaux, P. J., Dickersin, K., Egger, 
M., Ernst, E., Gøtzsche, P. C., … Tugwell, P. (2009). Preferred reporting items for systematic reviews 



 

32 
 

and meta-analyses: the PRISMA statement. PLoS Medicine, 6(7). doi: 
10.1371/JOURNAL.PMED.1000097 

Mori, Y., Kuroda, M., & Makino, N. (2016). Multiple Correspondence Analysis. 21–28. doi: 10.1007/978-
981-10-0159-8_3 

Morresi, D., Marzano, R., Lingua, E., Motta, R., & Garbarino, M. (2022). Mapping burn severity in the western 
Italian Alps through phenologically coherent reflectance composites derived from Sentinel-2 imagery. 
Remote Sensing of Environment, 269, 112800. doi: 10.1016/J.RSE.2021.112800 

Nolè, A., Rita, A., Spatola, M. F., & Borghetti, M. (2022). Biogeographic variability in wildfire severity and 
post-fire vegetation recovery across the European forests via remote sensing-derived spectral metrics. 
Science of The Total Environment, 823, 153807. doi: 10.1016/J.SCITOTENV.2022.153807 

Novelli, A., Aguilar, M. A., Nemmaoui, A., Aguilar, F. J., & Tarantino, E. (2016). Performance evaluation of 
object based greenhouse detection from Sentinel-2 MSI and Landsat 8 OLI data: A case study from 
Almería (Spain). International Journal of Applied Earth Observation and Geoinformation, 52, 403–411. 
doi: 10.1016/J.JAG.2016.07.011 

Ojeda, J. J., Romero-González, M. E., & Banwart, S. A. (2009). Analysis of Bacteria on Steel Surfaces Using 
Reflectance Micro-Fourier Transform Infrared Spectroscopy. Analytical Chemistry, 81(15), 6467–6473. 
doi: 10.1021/AC900841C 

Patchaiyappan, A., Ahmed, S. Z., Dowarah, K., Jayakumar, S., & Devipriya, S. P. (2020). Occurrence, 
distribution and composition of microplastics in the sediments of South Andaman beaches. Marine 
Pollution Bulletin, 156, 111227. doi: 10.1016/J.MARPOLBUL.2020.111227 

Pendlebury, D. A. (2010). White Paper Using Bibliometrics In Evaluating Research. Retrieved from 
https://www.readkong.com/page/white-paper-using-bibliometrics-in-evaluating-research-5596548 

Pereira, P., Brevik, E. C., Muñoz-Rojas, M., Miller, B. A., Smetanova, A., Depellegrin, D., Misiune, I., Novara, 
A., & Cerdà, A. (2017). Soil Mapping and Processes Modeling for Sustainable Land Management. Soil 
Mapping and Process Modeling for Sustainable Land Use Management, 29–60. doi: 10.1016/B978-0-
12-805200-6.00002-5 

Pérez-Rodríguez, L. A., Quintano, M. del C., García-Llamas, P., Fernández-García, V., Taboada, A., 
Fernández-Guisuraga, J. M., Marcos, E., Suarez-Seoane, S., Calvo, L., & Fernández-Manso, A. (2019). 
Using Unmanned Aerial Vehicles (UAV) for forest damage monitoring in south-western Europe. 22. doi: 
10.1117/12.2531265 

Pulvirenti, L., Squicciarino, G., Fiori, E., Fiorucci, P., Ferraris, L., Negro, D., Gollini, A., Severino, M., & 
Puca, S. (2020). An Automatic Processing Chain for Near Real-Time Mapping of Burned Forest Areas 
Using Sentinel-2 Data. Remote Sensing 2020, Vol. 12, Page 674, 12(4), 674. doi: 10.3390/RS12040674 

Quintano, C., Calvo, L., Fernández-Manso, A., Suárez-Seoane, S., Fernandes, P. M., & Fernández-Guisuraga, 
J. M. (2023). First evaluation of fire severity retrieval from PRISMA hyperspectral data. Remote Sensing 
of Environment, 295, 113670. doi: 10.1016/J.RSE.2023.113670 

Quintano, C., Fernández-Manso, A., Calvo, L., & Roberts, D. A. (n.d.). remote sensing Vegetation and Soil 
Fire Damage Analysis Based on Species Distribution Modeling Trained with Multispectral Satellite Data. 
doi: 10.3390/rs11151832 

R. Alenezi, M., & M. Almeshal, A. (2018). Optimal Path Planning for a Remote Sensing Unmanned Ground 
Vehicle in a Hazardous Indoor Environment. Intelligent Control and Automation, 09(04), 147–157. doi: 
10.4236/ICA.2018.94011 

Reichstein, M., Camps-Valls, G., Stevens, B., Jung, M., Denzler, J., & Carvalhais, N. (n.d.). Deep learning 
and process understanding for data-driven Earth system science Postprint version Reichstein et al., Deep 
learning and process-understanding for data-driven Earth System science Deep learning and process 
understanding for data-driven Earth System Science 2 3. doi: 10.1038/s41586-019-0912-1 



 

33 
 

Ryberg, M. W., Hauschild, M. Z., Wang, F., Averous-Monnery, S., & Laurent, A. (2019). Global 
environmental losses of plastics across their value chains. Resources, Conservation and Recycling, 151, 
104459. doi: 10.1016/J.RESCONREC.2019.104459 

Schepers, L., Haest, B., Veraverbeke, S., Spanhove, T., Borre, J. Vanden, & Goossens, R. (2014). Burned Area 
Detection and Burn Severity Assessment of a Heathland Fire in Belgium Using Airborne Imaging 
Spectroscopy (APEX). Remote Sensing 2014, Vol. 6, Pages 1803-1826, 6(3), 1803–1826. doi: 
10.3390/RS6031803 

Schmidt, T., Kuester, T., Smith, T., & Bochow, M. (2023). Potential of Optical Spaceborne Sensors for the 
Differentiation of Plastics in the Environment. doi: 10.3390/rs15082020 

Schroeder, S. B., Dupont, C., Boyer, L., Juanes, F., & Costa, M. (2019). Passive remote sensing technology 
for mapping bull kelp (Nereocystis luetkeana): A review of techniques and regional case study. Global 
Ecology and Conservation, 19, e00683. doi: 10.1016/J.GECCO.2019.E00683 

Schumacher, D. L., Zachariah, M., Otto, F., Barnes, C., Philip, S., & Kew, S. (2022). High temperatures 
exacerbated by climate change made 2022 Northern Hemisphere droughts more likely. University of 
Copenhagen. Retrieved from https://cope.ku.dk/news/2022/high-temperatures-exacerbated-by-climate-
change-made-2022-northern-hemisphere-droughts-more-likely/ 

Seneviratne, S. I., & Nicholls, N. (2011). Changes in Climate Extremes and their Impacts on the Natural 
Physical Environment (Cambridge University Pres, Ed.). Cambridge, UK and  New York, NY, USA. 

Serra, T., Soler, M., Barcelona, A., & Colomer, J. (2022). Suspended sediment transport and deposition in 
sediment-replenished artificial floods in Mediterranean rivers. Journal of Hydrology, 609, 127756. doi: 
10.1016/J.JHYDROL.2022.127756 

Shi, B., Patel, M., Yu, D., Yan, J., Li, Z., Petriw, D., Pruyn, T., Smyth, K., Passeport, E., Miller, R. J. D., & 
Howe, J. Y. (2022). Automatic quantification and classification of microplastics in scanning electron 
micrographs via deep learning. Science of The Total Environment, 825, 153903. doi: 
10.1016/J.SCITOTENV.2022.153903 

Simon, M., van Alst, N., & Vollertsen, J. (2018). Quantification of microplastic mass and removal rates at 
wastewater treatment plants applying Focal Plane Array (FPA)-based Fourier Transform Infrared (FT-
IR) imaging. Water Research, 142, 1–9. doi: 10.1016/J.WATRES.2018.05.019 

Sirca, C., Salis, M., Arca, B., Duce, P., & Spano, D. (2018). Assessing the performance of fire danger indexes 
in a Mediterranean area. IForest - Biogeosciences and Forestry, 11(5), 563. doi: 10.3832/IFOR2679-011 

Stroppiana, D., Bordogna, G., Sali, M., Boschetti, M., Sona, G., Brivio, P. A., Pourghasemi, R., Tiefenbacher, 
J. P., & Kainz, W. (2021). Geo-Information A Fully Automatic, Interpretable and Adaptive Machine 
Learning Approach to Map Burned Area from Remote Sensing. 10, 546. doi: 10.3390/ijgi10080546 

Stumpf, R. P., & Caballero, I. (2020). Atmospheric correction for satellite-derived bathymetry in the Caribbean 
waters: from a single image to multi-temporal approaches using Sentinel-2A/B. Optics Express, Vol. 28, 
Issue 8, Pp. 11742-11766, 28(8), 11742–11766. doi: 10.1364/OE.390316 

Szpakowski, D. M., & Jensen, J. L. R. (2019). A Review of the Applications of Remote Sensing in Fire 
Ecology. Remote Sensing 2019, Vol. 11, Page 2638, 11(22), 2638. doi: 10.3390/RS11222638 

Tan, M., Liu, L., Zhang, M., Liu, Y., & Li, C. (2021). Effects of solution chemistry and humic acid on the 
transport of polystyrene microplastics in manganese oxides coated sand. Journal of Hazardous Materials, 
413, 125410. doi: 10.1016/J.JHAZMAT.2021.125410 

Tasseron, P., van Emmerik, T., Peller, J., Schreyers, L., & Biermann, L. (2021a). Advancing Floating 
Macroplastic Detection from Space Using Experimental Hyperspectral Imagery. Remote Sensing 2021, 
Vol. 13, Page 2335, 13(12), 2335. doi: 10.3390/RS13122335 

Tasseron, P., van Emmerik, T., Peller, J., Schreyers, L., & Biermann, L. (2021b). Advancing Floating 
Macroplastic Detection from Space Using Experimental Hyperspectral Imagery. Remote Sensing 2021, 
Vol. 13, Page 2335, 13(12), 2335. doi: 10.3390/RS13122335 



 

34 
 

Tebbs, E. J., Remedios, J. J., Avery, S. T., Rowland, C. S., & Harper, D. M. (2015). Regional assessment of 
lake ecological states using Landsat: A classification scheme for alkaline–saline, flamingo lakes in the 
East African Rift Valley. International Journal of Applied Earth Observation and Geoinformation, 40, 
100–108. doi: 10.1016/J.JAG.2015.03.010 

Tebbs, Emma J., Avery, S. T., & Chadwick, M. A. (2020). Satellite remote sensing reveals impacts from dam-
associated hydrological changes on chlorophyll-a in the world’s largest desert lake. River Research and 
Applications, 36(2), 211–222. doi: 10.1002/RRA.3574 

Tempera, F., Liquete, C., & Cardoso, A. C. (2016). Spatial distribution of marine ecosystem service capacity 
in the European seas. JRC Technical Report, 139. doi: 10.2788/753996 

Topouzelis, K., Papakonstantinou, A., & Garaba, S. P. (2019). Detection of floating plastics from satellite and 
unmanned aerial systems (Plastic Litter Project 2018). International Journal of Applied Earth Observation 
and Geoinformation, 79, 175–183. doi: 10.1016/J.JAG.2019.03.011 

Townsend, M., Thrush, S. F., Lohrer, A. M., Hewitt, J. E., Lundquist, C. J., Carbines, M., & Felsing, M. (2014). 
Overcoming the challenges of data scarcity in mapping marine ecosystem service potential. Ecosystem 
Services, 8, 44–55. doi: 10.1016/J.ECOSER.2014.02.002 

Tsiaras, K., Hatzonikolakis, Y., Kalaroni, S., Pollani, A., & Triantafyllou, G. (2021). Modeling the Pathways 
and Accumulation Patterns of Micro- and Macro-Plastics in the Mediterranean. Frontiers in Marine 
Science, 8, 743117. doi: 10.3389/FMARS.2021.743117/BIBTEX 

Turco, M., Rosa-Cánovas, J. J., Bedia, J., Jerez, S., Montávez, J. P., Llasat, M. C., & Provenzale, A. (2018). 
Exacerbated fires in Mediterranean Europe due to anthropogenic warming projected with non-stationary 
climate-fire models. Nature Communications 2018 9:1, 9(1), 1–9. doi: 10.1038/s41467-018-06358-z 

Tyberghein, L., Verbruggen, H., Pauly, K., Troupin, C., Mineur, F., & De Clerck, O. (2012). Bio-ORACLE: 
a global environmental dataset for marine species distribution modelling. Global Ecology and 
Biogeography, 21(2), 272–281. doi: 10.1111/J.1466-8238.2011.00656.X 

UNEP. (2018). UN Environment 2018 Annual Report | UNEP - UN Environment Programme. Retrieved from 
https://www.unep.org/resources/un-environment-2018-annual-report 

Vasconcelos, R. N., Lima, A. T. C., Lentini, C. A. D., Miranda, G. V., Mendonça, L. F., Silva, M. A., Cambuí, 
E. C. B., Lopes, J. M., & Porsani, M. J. (2020). Oil spill detection and mapping: A 50-year bibliometric 
analysis. Remote Sensing, 12(21), 1–18. doi: 10.3390/RS12213647 

Veettil, B. K., Van, D. D., Quang, N. X., & Hoai, P. N. (2023). Remote sensing of plastic-covered greenhouses 
and plastic-mulched farmlands: Current trends and future perspectives. Land Degradation & 
Development, 34(3), 591–609. doi: 10.1002/LDR.4497 

Viana, J., Santos, J. V., Neiva, R. M., Souza, J., Duarte, L., Teodoro, A. C., & Freitas, A. (2017). Remote 
sensing in human health: A 10-year bibliometric analysis. Remote Sensing, 9(12). doi: 
10.3390/RS9121225 

Vilar, L., Herrera, S., Tafur-García, E., Yebra, M., Martínez-Vega, J., Echavarría, P., & Martín, M. P. (2021). 
Modelling wildfire occurrence at regional scale from land use/cover and climate change scenarios. 
Environmental Modelling & Software, 145, 105200. doi: 10.1016/J.ENVSOFT.2021.105200 

Waltman, L., & Van Eck, N. J. (2013). A smart local moving algorithm for large-scale modularity-based 
community detection. The European Physical Journal B 2013 86:11, 86(11), 1–14. doi: 
10.1140/EPJB/E2013-40829-0 

Wang, T., Zou, X., Li, B., Yao, Y., Li, J., Hui, H., Yu, W., & Wang, C. (2018). Microplastics in a wind farm 
area: A case study at the Rudong Offshore Wind Farm, Yellow Sea, China. Marine Pollution Bulletin, 
128, 466–474. doi: 10.1016/J.MARPOLBUL.2018.01.050 

Welden, N. A. (2020). The environmental impacts of plastic pollution. Plastic Waste and Recycling: 
Environmental Impact, Societal Issues, Prevention, and Solutions, 195–222. doi: 10.1016/B978-0-12-
817880-5.00008-6 



 

35 
 

Willans, M., Szczecinski, E., Roocke, C., Williams, S., Timalsina, S., Vongsvivut, J., Mcilwain, J., Naderi, G., 
Linge, K. L., & Hackett, M. J. (2023). Development of a rapid detection protocol for microplastics using 
reflectance-FTIR spectroscopic imaging and multivariate classification †. doi: 10.1039/d2va00313a 

Xie, H., Zhang, Y., Wu, Z., & Lv, T. (n.d.). A Bibliometric Analysis on Land Degradation: Current Status, 
Development, and Future Directions. Land . doi: 10.3390/land9010028 

Yu, J., Tian, J. Y., Xu, R., Zhang, Z. Y., Yang, G. P., Wang, X. D., Lai, J. G., & Chen, R. (2020). Effects of 
microplastics exposure on ingestion, fecundity, development, and dimethylsulfide production in 
Tigriopus japonicus (Harpacticoida, copepod). Environmental Pollution, 267, 115429. doi: 
10.1016/J.ENVPOL.2020.115429 

Zhang, F., Man, Y. B., Mo, W. Y., Man, K. Y., & Wong, M. H. (2020). Direct and indirect effects of 
microplastics on bivalves, with a focus on edible species: A mini-review. Critical Reviews in 
Environmental Science and Technology, 50(20), 2109–2143. doi: 10.1080/10643389.2019.1700752 

Zyoud, S. H., Fuchs-Hanusch, D., Zyoud, S. H., Al-Rawajfeh, A. E., & Shaheen, H. Q. (2017). A bibliometric-
based evaluation on environmental research in the Arab world. International Journal of Environmental 
Science and Technology, 14(4), 689–706. doi: 10.1007/S13762-016-1180-3/TABLES/6 

  


