
remote sensing  

Article

Oil Spill Detection and Mapping: A 50-Year
Bibliometric Analysis

Rodrigo N. Vasconcelos 1,* , André T. Cunha Lima 2,3, Carlos A. D. Lentini 2,3,4,5,
Garcia V. Miranda 2, Luís F. Mendonça 4,6 , Marcus A. Silva 7 , Elaine C. B. Cambuí 8 ,
José M. Lopes 2,4 and Milton J. Porsani 3,5

1 Programa de Pós Graduação em Modelagem em Ciências da Terra e do Ambiente—PPGM,
Universidade Estadual de Feira de Santana—UEFS, Feira de Santana 44036-900, Bahia, Brazil

2 Departamento de Física da Terra e do Meio Ambiente, Campus Ondina, Instituto de Física,
Universidade Federal da Bahia—UFBA, Salvador 40170-115, Bahia, Brazil; at.cunhalima@ufba.br (A.T.C.L.);
clentini@ufba.br (C.A.D.L.); vivasm@ufba.br (G.V.M.); joseml@ufba.br (J.M.L.)

3 Centro Interdisciplinar de Energia e Ambiente (CIEnAm), Universidade Federal da Bahia—UFBA,
Salvador 40170-115, Bahia, Brazil; porsani@ufba.br

4 Programa de Pós-Graduação em Geoquímica: Petróleo e Meio Ambiente (Pospetro), Instituto de
Geociências (IGEO/UFBA), Universidade Federal da Bahia—UFBA, Salvador 40170-115, Bahia, Brazil;
lfelipem@msn.com

5 Programa de Pós-Graduação em Geofísica, Instituto de Geociências (IGEO/UFBA), Universidade Federal da
Bahia—UFBA, Salvador 40170-115, Bahia, Brazil

6 Departamento de Oceanografia, Campus Ondina, Instituto de Geociências, Universidade Federal da
Bahia—UFBA, Salvador 40170-115, Bahia, Brazil

7 Centro de tecnología e Geociências, LITPEG - Laboratório Integrado de Tecnologia em Petróleo, Gás e
Biocombustíveis, Campus Recife, Universidade Federal de Pernambuco—UFPE Recife, Pernambuco
50670-901, Brazil; marcus@ufpe.br

8 Mestrado Profissional em Ecologia Aplicada, Instituto de Biología, Universidade Federal da Bahia—UFBA,
Salvador 40170-115, Bahia, Brazil; elainecambui@gmail.com

* Correspondence: rnvuefsppgm@gmail.com; Tel.: +55-(075)-3161-8807

Received: 1 October 2020; Accepted: 1 November 2020; Published: 6 November 2020
����������
�������

Abstract: Oil spill detection and mapping (OSPM) is an extremely relevant issue from a scientific
point of view due to the environmental impact on coastal and marine ecosystems. In this study,
we present a new approach to assess scientific literature for the past 50 years. In this sense, our study
aims to perform a bibliometric and network analysis using a literature review on the application of
OSPM to assess researchers and trends in this field of science. In methodological terms we used
the Scopus base to search for articles in the literature, then we used bibliometric tools to access
information and reveal quantifying patterns in this field of literature. Our results suggest that the
detection of oil in the sea has undergone a great evolution in the last decades and there is a strong
relationship between the technological evolution aimed at detection with the improvement of remote
sensing data acquisition methods. The most relevant contributions in this field of science involved
countries such as China, the United States, and Canada. We revealed aspects of great importance and
interest in OSPM literature using a bibliometric and network approach to give a clear overview of
this field’s research trends.

Keywords: bibliometric analysis; remote sensing; oil slicks; oil detection

1. Introduction

Nowadays ocean oil spill is among the most significant environmental impacts [1], bringing damage
to ecosystems and biodiversity while causing loss of the ecosystem process [2–4]. In addition to
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the adverse impacts on the environment, other sectors of society, such as the economy and public
health, are documented in the literature [5–8], a fact that reinforces its importance especially lately,
where several environmental disasters with oil spills have been observed [3,4].

Since the beginning of the popularization of remote sensing as a science, an increasing number
of studies with oil spill detection and mapping (OSPM) have been using remotely detected data for
monitoring, surveillance, or risk assessment and management [9–19]. Albeit there are well-formed
theoretical and conceptual frameworks according to the remote sensing literature dealing with the
detection of oil spills and mapping from in situ observations [20–28], there is still a lack in the scientific
community showing the trending techniques and algorithms that systematically summarize this kind
of information. OSPM is not a new field of research, indeed although it has been carried out since
the 1970s [1,2], it is crucial to conduct a comprehensive overview to investigate and understand the
underlying developing patterns in this field of research [3,4]. Subsequently, scientists have used
bibliometrics based on mathematical and statistical tools to analyze publications, citations, journals in
many disciplines and fields of study [29–32].

Bibliometrics can be commonly defined as a qualitative and quantitative analysis of research that
is often used to assess the impact of an individual researcher, research groups, institutions, countries,
or journals [33,34]. Its method can analyze several publications to efficiently find influential researchers,
authors, journals, organizations, and countries [33,34].

In fact, it can also analyze information intuitively by mapping networks, such as co-word,
co-authorship, and co-citation networks [29–31]. Co-word is the co-occurrence of terms extracted
from either the title or abstract fields of a dataset to find a specific research topic [30,31].
Co-authorship describes intellectual collaboration in scientific research [31]. Co-citation is defined as
two or more publications that are cited by the same manuscript [31].

In recent years, bibliometric network visualization has been used to evaluate the research trends
of remote sensing data and its applications in different scientific fields [35,36]. Several studies show
that published literature analysis could provide critical information about the research production and
scientific quality. Moreover, we believe that describing trends and characteristics of the articles for
a specific scientific field can trigger authors’ and institutions’ collaborations. The same can be done
to OSPM studies, which increased significantly in the past few years due to the Deepwater Horizon
disaster [3].

A few questions may arise based on our dataset and methods related to oil spill detection and
mapping. For instance, which countries have mostly contributed to OSPM research? Is there any
trend in OSPM-related publications over the decades? If so, since when? Who are the top researchers
and institutions that have focused their work on OSPM? What are the most influential journals in
the OSPM field? What are the main differences in terms of the semantic network topology more
evident over decades? Therefore, this paper aims to perform bibliometric and network analysis using a
literature review regarding the application of OSPM to appraise the research, trends, and characteristics.
Additionally, we report the amount of oil spill, the number of accidents, and the main tanker spills in
the last 50 years. To the best of our knowledge, no study has specifically investigated OSPM using
this conceptual framework. The manuscript is outlined as follows. Section 2 describes the Material
and Methods, such as the search strategies and validation, as well as the semantic network analysis.
Section 3 shows the publishing trend results of OSPM, co-occurrence, co-authoring, and top-cited
authors and journals per decades, followed by Discussion (Section 4) and Concluding Remarks.

2. Materials and Methods

To answer the questions proposed in our study, we built a unified methodological approach that
is able to unite classical bibliometric analysis using qualitative descriptors. Moreover, we added the
calculation of metrics of the topological structure of the networks. This approach has the advantage of
including in the universe of analysis associated with bibliometrics the quantification of topological
patterns using quantitative descriptors with proper indexes. That is, the approach used here involves
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the use of qualitative and quantitative descriptors giving greater robustness to answer our work
questions described above. Our approach and steps can be seen in Figure 1. In terms of methodological
approach our study is divided into two main stages: Phase 1 and Phase 2. The first phase includes
choosing the search database, identifying relevant terms to the subject, and including filters in the
search engine. Afterwards, we performed a manual screening reading all the titles and abstracts
of the articles returned in the search, identifying and excluding possible articles that did not fit our
objective (Phase 1). After these two steps, we performed all analyses (Phase 2) for two data sets: for all
articles and for the 25 most cited ones (Table 1). Table 1 describes the relationship between the working
questions and the analysis proposed in our methodological approach and source data to make it.
In order to make it clear, Table 1 contains three main fields: the questions of interest, the analysis used
to answer it, and what kind of data is used.

Figure 1. Logical scheme, methodological approach and data analysis for Phases 1 (blue color) and 2
(yellow color).

Table 1. Description of the relationship between working questions, analyses and data sources.

Questions Analysis Source Data

What is the publishing trends of OSPM? General statistics/Word Co-ocurrence
network/Co-author spatial network All papers

Which countries have contributed to
OSPM research? General statistics/Co-author spatial network All papers

What are the influential publications in the
OSPM field?

General charactheristics and citation
tables/Co-ocurrence network 25s Most cited

What are the influential journals in the
OSPM field?

General statistics/General charactheristics and
citation tables All papers/25s Most cited

Who has contributed to OSPM research? General statistics/General charactheristics and
citation tables/Co-author spatial network All papers/25s Most cited

What is the research focus in different periods? Word Co-ocurrence network All papers

What are the main differences in terms of the
semantic network topology more evident

over decades?
Topology metrics All papers

What is the amount and the number of tanker
spill in the last 50 years? Plots of amount and number of tanker spill Roser (2019)

What is the 20’s main tanker spill in the last 50 years? Table of 20s main tanker spill Roser (2019)
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2.1. Bibliographic Base

In this study, we choose the Scopus database. Scopus is the multidisciplinary largest database
of abstracts and references in the literature, accounting for more than 24,000 peer-reviewed journals
and 5000 international publishers and citations [37]. It has efficient analysis tools for retrieving and
aggregating information and data exportation in multiple formats, which offers a comprehensive
overview of the total volume of the world’s research products in the areas of science, technology,
medicine, social sciences, arts, and humanities. For these reasons, we employed Scopus as the database
literature for this research.

This study limited our analysis to journal publications only, reducing bias caused by duplicate
publications, minimizing false-positive results. Reviews, conference proceedings, book chapters,
and books were not considered because they include works that might have been published more than
once in different media sources (Figure 1).

2.2. Search Strategy and Screening Records

We considered documents with a year of publication between 1970 and 2019 (a 50-year study)
and studies regarding the application of oil spill detection and mapping only. The search was
implemented as follows: only article retrievals containing the words “Oil Spill detection” OR “Oil Spill
mapping” in the title, abstract, or keywords were selected. Previous tests were performed with different
words, terms and synonyms until we reached the used set of words and terms, which proved to be
relevant to the scope of our study.

A pool of selected papers was followed by a manual screening of all retrieved documents to avoid
word ambiguity. After that, a systematic review was performed in ten percent of the most cited articles.
Within these articles, specific information was extracted, such as: sensor used, spatial and temporal
resolutions, bands or feature space evaluated, number of analyzed images, country and region of
interest, classification algorithms, mapped classes, or targets. Additionally to report the amount of oil
spill, the number of accidents in the last 50 years in the world we use ITOPF data report [38] and the
Max Roser data base [39].

2.3. Semantic and General Network Analysis

In this paper, the minimum number of occurrences of a keyword is once for titles, abstracts,
and Keywords for all publications to build up a network. The network visualization was carried
out using VOSviewer program [30–32,40]. This tool, specifically designed for bibliometric analysis,
was employed to visualize the retrieved data of a specific search. VOSviewer can be used to construct
networks of scientific publications, scientific journals, researchers, research organizations, countries,
and keywords, for example. Items in these networks can be connected by co-authorship, co-occurrence,
citation, bibliographic coupling, or co-citation links [31,32].

From a network point-of-view, items are represented by nodes and edges. In this study, nodes are
objects as such word co-occurrence and countries. Between any pair of nodes there can be an edge.
An edge is a connection or a relation between two nodes. The distance between two nodes in the
visualization approximately indicates the relatedness of searching terms in terms of co-occurrence.
The size of a label into a node is determined by the weight of an item in a network [31,32].

All articles from our search were analyzed according to their authorship, country, data sources,
affiliation, and citations. Individual terms and words in titles, abstracts, and keywords were assessed
by their frequency, and a ranking of publication sources by relevance was constructed. Authors’ and
countries’ rankings were also related to productivity analyses. The total and the average number of
citations were analyzed by country. Authorship analysis was carried out by computing the number of
single-authored articles and multi-authored publications. We also calculated the number of articles
per author.
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In order to analyze word co-occurrence, all the following settings have the same weight and were
flagged as one: number of keywords’ occurrence, words and countries’ co-authorship. For adequacy,
a thesaurus file was built to avoid redundant terms. This text file is used to perform data cleaning
when creating a map based on bibliographic data or text data. For more details, the reader should
address [29] and [31,32] references.

To calculate all metrics related to semantic networks, we employed Gephi software [41,42].
It is an open-source platform for viewing and manipulating dynamic graphs and hierarchical trees,
including all types of networks and complex systems. The user has the autonomy to modify the
graphical outputs, as well as to interact with the structure of its network. Moreover, it is possible to add
filters highlighting desired aspects and export the final results to SVG, PNG or PDF formats. Its principal
function is to serve as a tool for data method analysis, building hypotheses, discovering of social and
behavioral patterns, and isolation of essential structures within the hierarchical networks [41,42].

Graph theory uses mathematical structures that model relationships between objects of a specific
group [43]. Graphs are defined as a set of vertices and edges [43]. In other nomenclatures, they can
be addressed as networks, where the vertices are connected by the edges, determining a relationship
of some kind between them, whether directed or undirected. A graph is represented by G = (V, E),
where V is a set of vertices and E is a set of edges [43]. Different indexes of the networks’ structures
were also used to reveal the topological changes in semantic networks over the decades. A description
of each index used can be seen in Table 2.

Table 2. Computed topological index and its description and characteristic.

Metrics Description Topological Network Metrics
Characteristics

Edges Number Act as the connections that link them to one
another a series of connections (edges).

Nodes Number Refers to the amount of information present in
the network.

Average Clustering
Coefficient

Measure the level at which the nodes are grouped
together, as opposed to being equally or randomly
connected across the network. Scores on this
measure will have an inverse correlation with other
statistics, including several of the centrality
calculations, particularly when we are speaking at
the global level (the entire graph).

Average degree

Assess importance through the number of direct
connections (degrees) one node has to other nodes.
The assumption with degree centrality is that the
number of connections is a key measure of
importance or influence within the network. In an
undirected network we do not have the luxury of
determining whether one node exerts more or less
influence in a relationship; we merely see that they
are in fact connected and as such are weighted equally.
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Table 2. Cont.

Average Path Length

The clustering coefficient for the word
co-occurrence network refers to the probability or
level at which the words are grouped together.
Indicates how each word is connected to its
neighborhood. Average clustering coefficient is the
average value of the individual or local coefficients.

Connected
Components

Number of distinct components within the network.
When our network is fully connected, a value of 1
will be returned, so there is little need for this
calculation. However, in very large networks it
might be difficult to visually determine whether
the network is fully connected, so we can use this
function to ascertain the number of components.

Graph Density

Measure of the level of connected edges within a
network relative to the total possible value and is
returned as a decimal value between zero and one.
Graphs with values closer to one are typically
considered to be dense graphs, while those closer
to zero are termed as sparse graphs.

Network Diameter

Refers to the maximum number of connections
required to traverse the graph. Another way to
look at it is knowing how many steps it takes for
the two most distant nodes in the network to reach
one another

All plot charts were made on R version 3.6.2 [44], using IDE Rstudio, version 1.2.5033 [45], and the
ggplot2 package, version 3.2.1 [46].

3. Results

3.1. Publishing Trend of OSPM

The total number of 235 documents was published between 1970–2019 (see Supplementary
Materials Table S1 for details) with a mean and standard deviation of 4.7± 7.2 papers/year (Figure 2A,B).
The number of cumulative publications in the later years increased significantly, being more than
twenty-five by the year 2019 (Figure 2A). The first peak of productivity was evident from the mid-1990s,
with a peak in 1996 with seven articles, which comprised 3% of the total productivity in the studied
period. The highest peak of productivity was observed in 2016 and 2018. Both years accounted for
27 articles, which corresponds to 23% of the total productivity in that decade. This decadal period
has the highest number of publications with 168, which corresponds to 71.5% of the total number
of published documents in this 50-year time frame with a mean value of 16.8 ± 7.6 publications.
This is followed by the 2000s with 17% (mean 4 ± 1.8 SD), 1990s, 8.1% (mean 1.9 ± 2.1 SD), 1980s,
2.1% (mean 0.5 ± 0.7 SD) and 1970s, 1.3% (mean 0.3 ± 0.5 SD). The majority of the retrieved documents
were published in English (e.g., 93.2% = 231 manuscripts), followed by 15 documents in Chinese
(~6.0%) and one document in Croatian (0.4%).

Figure 3 shows the top 10 manuscripts in terms of their distribution by subject area were Earth
and Planetary Sciences (68 papers ~29.1%) Engineering (50 papers ~21.4%), Environmental Science
(24 papers ~10%), Physics and Astronomy (22 papers ~9.3%), Computer Science (18 papers ~7.7%),
Agricultural and Biological Sciences (13 papers ~5.6%), Chemistry (9 papers ~3.7%), Social Sciences
(7 papers ~2.8%), Materials Science (5 papers ~2.3%), and Mathematics (5 papers ~2.1%) (Table S2
for details).



Remote Sens. 2020, 12, 3647 7 of 18

Figure 2. (A) Annual growth rate of OSPM publications (black curve, left y-axis) compared to the
cumulative annual growth (red curve, right y-axis) rate of all the manuscripts indexed in the Scopus
database per year (1970–2019). (B) Boxplot by decades. Red diamonds inside the polygons represent
the mean.

3.2. Countries Contributed to OSPM Research

We constructed a bibliometric network to visualize collaboration nets and the distribution of
publications across the world regarding the application of OSPM (Figure 4). Results show a total
of forty-five researchers (45) from different countries with at least one connection with each other.
China ranked first, with a total of 61 (i.e., 26% of the total) documents, followed by Italy (30 docs
~12.8% of the total), United States (26 docs ~11.1% of the total), India (16 docs ~6.8% of the total),
Spain (14 docs ~6% of the total), Canada (13 docs ~5.5% of the total), Norway (12 docs ~5.1% of the
total), Germany (10 docs ~4.3% of the total), Greece (9 docs ~3.8% of the total), United Kingdom (8 docs
~3.4% of the total), (Figures 3 and 4, Table S2).

Regarding the number of citations by countries, the United States ranked first, with a total of 1155
(27% of the total) documents, followed by Canada, Italy, Norway, China, Greece, Spain, United Kingdom,
Germany and India, with 1030 (24% of the total), 976 (22,8% of the total), 519 (12.1% of the total),
436 (10.2% of the total), 269 (6.3% of the total), 161 (3.8% of the total), 119 (2.8% of the total) 105 (2.5% of the
total) and 41 (1% of the total), respectively.

When only the number of total link strength is considered, described by the weight edges,
the United States ranked first with a total of 18, followed by Italy, Canada, India, Greece, Germany,
China, United Kingdom, Spain, Norway, with 14, 13, 10, 8, 6, 5, 5,2, 1 respectively. When we observe
the relationship of scientific cooperation via publication between countries, the intensity of the links
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between the United States and China, the United States and Canada, Canada and China, Greece and
Italy, the United Kingdom and Portugal, the United Kingdom and Italy is noteworthy (Figure 4).
These connections are more evident between countries, indicating strong scientific cooperation on
the subject.

Figure 3. Word co-occurrence network built for the top 25 papers using words presented in
titles, abstracts, keywords, and general feature information of the 50 years of documents published
between 1970–2019.
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Figure 4. Total of publications on OSPM and co-authoring collaboration network by countries from
documents published between 1970–2019.

3.3. Most Influential Publication Features in the OSPM Field

We evaluated the 25 most cited articles for the 50-year span, which accounted for ~10% of the
total published papers between 1970–2019. The highest cited published papers can be seen in Tables
S2 and S3. This subset represented 61.7% with 2.642 citations out of an overall total of 4.283 in the
OSPM field (Tables S3 and S4). The top 10 most cited papers represented 45.1%, which corresponded
to 1.923 citations (Table S4). The most cited article in the field of OSPM was from 1998 and had
760 quotations and represented 17.74% of all mentions. The decade that produced manuscripts with
the highest number of citations was 1990 with 948 quotes (22.1%), followed by the 2000s and 2010s,
with 919 and 18.1 775, respectively (Table S4).

The main terms and words most frequent in this top 25 subset were “spill detection”(24 occurrences),
“SAR image” (21), “image analysis” (13), “remote sensing” (12), “detection method” (9),
“radar imaging” (9), “satellite imagery” (9), “image classification” (8), “marine pollution” (8),
and “algorithm” (6), respectively (Figure 3). The co-occurrence word networks presented 12 clusters
totalizing 322 words. The largest cluster contained 40 words and in terms of conceptual approach it dealt
with forecasting, pollution and prediction (Figure 3). Methodological approaches, evaluated targets,
and sensor systems used in each of the top 25 articles can be seen in Table S3. Overall, all papers
had the central objective of generating information regarding the detection of oil spills with different
methodological approaches (Table S3). In all articles, oil spills were the main target to be identified,
although in some studies other targets have been identified, for example, boats and soil contamination
or even levels of pollution severity (Table S3). Except for one article, all the others used radar images
to identify oil spills (Table S3). Only one of the manuscripts could be classified as an approach using
hyperspectral images (Table S3). Moreover, in only three studies, it was possible to identify the use of a
hybrid approach with the use of radar images and optical sensors to spot oil spills (Table S3). Only in
one article we identified which sensor system was used (Table S2). In 12 studies, we observed the use
of more than one type of radar image for oil spill detection. Of the total of sensor systems listed in the
top 25 papers, the following stand out in many uses ranking ENVISAT ASAR with nine articles (17.3%),
RADARSAT-1 with eight (15.4%), RADARSAT-2 seven (13.5%), ERS-2 SAR six (11.5), ERS-1 SAR five
(9.6%), MODIS four (7.7%), MERIS three (5.8%), TerraSAR-X and UAVSAR with two, and 3.8% for each
and Hyperspectral AISA, Landsat 7, Landsat 8, COSMO-SkyMed, ScanSAR, ALOS PALSAR with one
paper (~2.0% for each one). The main methodological approaches used to detect oil spills are listed
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in Table S3. The methodological approaches that were most used were Artificial Neural Networks,
Segmentation, Supervised Classification using different algorithms as such Support Vector Machine,
Supervised Maximum Likelihood, Generalized Additive Model (Table S3).

There is a positive association of evolution and quality in detecting oil spills and the development
and maturation of remote sensing as a science over the 25 most cited articles.

Through 50 years of peer-reviewed published material analyzed on this work using most
cited 25 articles, we noticed a remarkable evolution in the digital processing image techniques,
classification methods, and extracting relevant features useful to oil spill detection.

There was an association of evolution and quality improvement in detecting oil spills and the
development and maturation of remote sensing as a science. Over the decades, the increasing number
of published material was a clear sign of the gradual expansion in sensor systems’ availability and the
increment in the images’ spatial and temporal resolution.

Another key point that prompted the search for refinement of oil spill detection methods was the
occurrence of disasters. The search for more sophisticated techniques to determine the magnitude of the
effects of these disasters served as a significant catalyst for improving detection methods. Besides that,
it is important to remark that a few years ago satellite images could be costly but nowadays there are a
great number of free images to download.

Over these 25 articles there was a consensus that SAR images provide a fundamental way
for monitoring coastal and ocean waters, minimizing its potential adverse effects with a relatively
extensive spatial coverage, short repeatability, day and night time, and in almost any climate condition.
However, similar dark spots can arise from a range of unrelated meteorological (e.g., rain cells)
and oceanographic phenomena (e.g., algae bloom), resulting in incorrect identification, known as
look-alikes. Although there are limitations in the usage of optical images due to cloud cover, the auxiliary
use of optical satellite images, such as multispectral and hyperspectral sensors, were pointed out as
a plausible and suitable alternative in assisting SAR images in detecting oil spills from look-alike
surface targets. Therefore, it is clear that there are still challenges associated with detecting oil
spills with SAR-derived images in adverse weather conditions such as low wind and heavy rain,
and biogenic films.

In specific situations, interpreter supervision was used as an alternative when SAR images were
obtained in unfavorable conditions and in the absence of auxiliary data from optical sensor systems.

In the case of developing an automatic system for detecting oil spills, one should be cautious.
Classifier balancing and training were the most common ones. Issues such as the low frequency of oil
spills compared to the satellite-derived data remains a problem, even with the advance and abundance
in the number of sensor systems and images available over the globe.

Machine learning and deep learning are the fundamental methods used over these 25 articles to
identify real oil spills from the so-called look-alikes. On the other hand, processing in cloud computing
environments was not evidenced over the 25 most cited articles, although it is a topic of great relevance.

According to the most influential publication features found in the neural network-related papers,
the most used features in the top 25 articles are: area, perimeter, complexity, spreading, object standard
deviation, background standard deviation, max contrast, difference, mean contrast, max gradient,
mean gradient, gradient standard deviation, form factor, perimeter to area ratio, ratio between intensity
and its standard deviation inside the dark area, granularity, shape, fractal dimension. They are widely
used to classify a target as a real oil spill or just a look-alike.

3.4. Influential Journals in the OSPM Field

The highest number of published papers by journals can be seen in Figure 3. A total of 127 different
journals, with an average of 2.54 publications per year. The top 10 journals in the context of OSPM are
“IEEE Transactions on Geoscience and Remote Sensing” and “International Journal of Remote Sensing”,
with a total of 12 articles which corresponds to 5.1% of the total documents for each one, followed by
“IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing” (10 papers and
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4.3% out of the total), “Remote Sensing” (8 papers and 3.4% out of the total), “Sensors Switzerland”
(7 papers and 3% out of the total), “Marine Pollution Bulletin” (6 papers and 2.6% out of the total),
both “Acta Oceanologica Sinica”, “Journal of The Indian Society of Remote Sensing”, and “Spill Science
and Technology Bulletin” (5 papers and 3.0% out of the total for each one), and finally “Applied Optics”
with four articles corresponding to 1.7% of the total (Figure 3, Table S2).

3.5. Authors Contributing to OSPM Research

Taking into account the number of publications by authors, we found 159 different authors with
an average of 1.25 authors per paper. The top 10 articles per author in the context of OSPM can be seen
in Figure 3. Li, Y., and Marghany, M., ranked first, with a total of 9 and 3.8% of the total documents for
each, followed by Zhang, Y., with 8 (3.4% of the total), Li, Yy., Liu, B., and Xu, J., with a total of 6 and
2.6% of the total documents for each, Jagdish, M., Jerritta, S., Karathanassi, V., Lacava, T., with a total
of 5 and 2.1% of the total documents for each, respectively (Figure 3, Table S2).

Considering the author’s affiliation, 159 different institutions or organizations published at least
one manuscript in the context of OSPM out of that 235 documents, with an average of 1.47 institutions
or organizations per document. The top 10 affiliation institutions can be seen in Figure 3. It is possible
to show that among this top 10 institutions, 50% are Chinese, 40% European, and 10% from Canada
(Figure 3, Table S2). The Chinese Academy of Sciences ranked first, with a total of 15 documents
(6.4% of the total), followed by Dalian Maritime University, Consiglio Nazionale delle Ricerche,
European Commission Joint Research Centre, Ocean University of China, Deutsches Zentrum fur Luft-
Und Raumfahrt, Chinese University of Hong Kong, Beihang University, National Technical University
of Athens, University of Waterloo, with 11 (4.7% of the total), 10 (4.3% of the total), 10 (4.3% of the
total), 8 (3.4% of the total), 7 (3.0% of the total), 6 (2.6% of the total), 6 (2.6% of the total), 5 (2.1% of the
total) and 5 (2.1% of the total) documents, respectively (Figure 3, Table S2).

Similar to what was previously described, if one considered the number of institutions that
funded scientific research related to OSPM, 59 names showed up, with an average of 4% institutions
or organizations per publication. It is possible to show that among this top 10, 50% are Chinese,
20% European, 30% from the United States, and 10% each for Italy and Norway (Figure 3, Table S2).
The National Natural Science Foundation of China ranked first, with a total of 24 documents (10.2% of
the total), followed by Fundamental Research Funds for the Central Universities, Chinese Academy
of Sciences, European Commission, European Space Agency, National Basic Research Program of
China, National Aeronautics and Space Administration, Norges forskningsråd, Agenzia Spaziale
Italiana, Doctoral Start-up Foundation of Liaoning Province, Ministero dell ‘Istruzione Ministero dell’
Università e della Ricerca, with 8 (3.4% of the total), 4 (1.7% of the total), 4 (1.7% of the total),4 (1.7% of
the total),4 (1.7% of the total), 3 (1.3% of the total), 3 (1.3% of the total), 2 (0.9% of the total), 2 (0.9% of
the total) and 1 (0.4% of the total) documents, respectively (Figure 3, Table S2).

3.6. Decadal Topology of Research Focus and Semantic Networks

Figure 5 shows a co-word occurrence network analysis of the keywords, which can be used
to identify the state-of-the-art. The OSPM research topic has been categorized into five colored
clusters, following composition over time: 1970s (4 clusters), 1980s (4 clusters), 1990s (10 clusters),
2000s (17 clusters), 2010s (50 clusters), and a comprehensive network for the 50 years with
58 groups (Figure 6).

The ten words with the highest number of co-occurrences between decadal networks and the
worldwide network, in general, were spill detection SAR image, marine pollution, remote sensing,
image analysis, detection method, satellite imagery, algorithm, neural network, feature selection.
These words are a strong indication that they represent important conceptual and methodological
constructs associated with OSPM research literature. The largest cluster of each of the co-word networks
and the broad network, including all five decades, was associated with the methods used to detect and
monitor oil spots, classification algorithms, types of images, and investigated targets (Figure 5).
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Figure 5. Word co-occurrence network presented in titles, abstracts and keywords for each decade
(1970s, 1980s, 1990s, 2000s, and 2010s), as well as for all the scientific articles published in the 50-year time
frame (1970–2019).

Figure 6. Similar to Figure 4, except for the topology metrics. Letters (A–H) indicate a topological
metric described in Table 2.
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In terms of topological structure, the co-word networks presented a gradual increase in the number
of words and their links over the decades. However, there is a decrease in the network density and just
a small change in the average clustering coefficient (i.e., ~0.07), especially in the last three decades.
This topological behavior indicates that when a set of new terms is added to the field, they are more
likely to be linked to the old terms than to each other. This suggests that the evolution of the concepts,
method and techniques in the area is not abrupt; instead, they show a gradual increase. This behavior
reveals an increase in the area’s complexity, resulting in new approaches, themes, and interactions
(Figures 5 and 6).

Two components divided the 1970s network. The larger one consists of 26 vertices (Figure 5),
representing almost 95% of the network vertices, while the other one has just one vertex (~5%). However,
the 1980s and 1990s have only one component, with 46 and 689 vertices (Figure 5). Regarding the
2000s and 2010s, and the overall network for all years, both decades presented two components,
with the largest part comprising 46 and 689 vertices (Figure 6). However, these last two decades
and the worldwide network of all years, show the largest components consisting of 3126, 26329,
and 30529 vertices (Figure 6), representing approximately 98.9%, 99.7% and 99.7% of the network
vertices respectively. The second-largest component of the co-word network for the 1970s, the 2000s,
the 2010s and the global network was 0, 3, 4, and 4 vertices, representing approximately 0%, 0.10%,
and 0.02% and 0.02% of the network vertices, respectively. To avoid confusion or a misleading result,
one should keep in mind that the zero value means that the 1970s network has either only one node
or no connection at all to another word. However, this same network gives an average centrality
degree of 4.33 and a density equal to 0.4; that is, only 4% of the network’s possible connections occur.
Regarding the last four decades and the overall network, an average centrality degree of 6.57, 14.51,
22.19, 34.56, and 33.70 is observed, followed by a density value equal to 0.235, 0.154, 0.079, 0.023,
and 0.019. These numbers correspond to 23.5, 15.4, 0.79, 0.23 and 0.19% of the possible connections in
the network occur, respectively.

The 1970s network gives an average clustering coefficient of 0.8. The following four decades and
the global network provide a coefficient of 0.85, 0.9, 0.9, 0.9, and 0.9, respectively.

The network diameter for the 1970s and the 1980s is the same and equals two, while the 1990s
and the 2000s is a little higher (i.e., 3), and 2010s, as well as the worldwide network, amounts to four.
The average path distance length between a pair of vertices for all the five decades increased over time:
1.3 in the (1970s), 1.5 (1980s), 1.9 (1990s), 1.95 (2000s), and 2.20 (2010s).

The most significant change in the network’s topology occurred between the 1980s and 1990s,
increasing the clustering coefficient and the network’s average minimum path (Figure 6). This change
occurred due to the inclusion of new techniques such as image analysis, perturbation techniques,
and laser applications, mostly due to a new oceanographic approach shown in the dark blue module
in the 1990s network.

3.7. Amount and the Number of Oil Spill in the Last 50 Years

This result is based on the ITOPF data report [38] and the Max Roser database [39]. A general
negative trend in the number of oil spills from tankers indicates a marked decrease of accidents with
time (Figure 7A). A similar trend can be also seen in the amount of oil spills with time (Figure 7B)
until 2010, when the Deepwater Horizon resulted in the worst oil disaster in oil drilling history,
and then in 2018 off the Shanghai coastline, China, when the oil tanker named SANCHI spilled over
113,000 tonnes of oil (Table 3).

According to Table 3, almost all the recorded oil spill incidents took place before the year 2000,
except for the oil tanker named SANCHI (9th ranking position), which occurred in 2018 off the Shanghai
coastline, China, and the Deepwater Horizon oil drilling platform (1st ranking position) in 2010 (Gulf of
Mexico). Although the PRESTIGE (2002, off Galician waters—Spain) and the EXXON VALDEZ (1989,
off Alaskan waters—USA) are some of the most worldwide well-known disasters, the total amount of
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oil spilled was less than the KATINA P oil tanker (Table 3). These two vessels were responsible for oil
spill sizes of 63,000 and 37,000 tons, respectively.

Figure 7. Number of spill events (A) and amount of oil spill (B, in thousand tonnes) over last 50 years
(i.e., 1970–2019 record) based on ITOPF data report and the Max Roser database. Red line indicates the
mean of each decade, respectively.

Table 3. Top 20 oil spill disasters around the world based on the amount of spill size for the 1970–2019
record based on the public media.

Shipname/Platform Year Location Spill Size (Tonnes)

DEEPWATER HORIZON 2010 Macondo Prospect, Central Gulf of Mexico 780,000
ATLANTIC EMPRESS 1979 Off Tobago, West Indies 287,000

ABT SUMMER 1991 700 nautical miles off Angola 260,000
CASTILLO DE BELLVER 1983 Off SaIdanha Bay, South Africa 252,000

AMOCO CADIZ 1978 Off Brittany, France 223,000
HAVEN 1991 Genoa, Italy 144,000

ODYSSEY 1988 700 nautical miles off Nova Scotia, Canada 132,000
SEA STAR 1972 Gulf of Oman 115,000
SANCHI* 2018 Off Shanghai, China 113,000

IRENES SERENADE 1980 Navarino Bay, Greece 100,000
URQUIOLA 1976 La Coruna, Spain 100,000

HAWAIIAN PATRIOT 1977 300 nautical miles off Honolulu 95,000
INDEPENDENTA 1979 Bosphorus, Turkey 95,000
JAKOB MAERSK 1975 Oporto, Portugal 88,000

BRAER 1993 Shetland Islands, UK 85,000
AEGEAN SEA 1992 La Coruna, Spain 74,000
SEA EMPRESS 1996 Milford Haven, UK 72,000

KHARK 5 1989 120 nautical miles off Atlantic coast of Morocco 70,000
NOVA 1985 Off Kharg Island, Gulf of Iran 70,000

KATINA P 1992 Off Maputo, Mozambique 67,000

4. Discussion

An increasing trend in the number of publications was observed over the years. However,
this increase was more evident in the mid-1990s, with a peak in 1996, following an increasing trend
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until the current decade. Moreover, part of the previous years’ production was higher than the
general average of all years in some cases. This pattern can be explained by the increased frequency
of the number of oil spills in the seas in the last decades [3,4], which has aroused the interest of
scientists to create and improve new tools and useful technologies in the detection of oil spills in the
seas. Another important point that influenced this increase can be seen by the rise in the number of
sensor systems and the consequent increase in the availability of images to be used in the detection of
spills [20–28].

From the perspective of subject categories of knowledge, the areas of Earth and Planetary Sciences,
Engineering and Environmental Science were identified as the most influential in terms of the number
of publications. This can be detected by the number of articles in each area and indicates that the field
of OSPM is probably relevant in terms of the themes addressed by the frequency of publications [2–4].

The top four journals are all well-known journals in the field of remote sensing, IEEE Transactions
on Geoscience and Remote Sensing, International Journal of Remote Sensing, IEEE Journal of Selected
Topics in Applied Earth Observations, and Remote Sensing, all occupy a leading position concerning
the number of articles published.

When considering the top four countries that stand out in terms of the number of publications,
research support, and the number of authors, we found China, the United States, Canada, and Italy.
This pattern can be evidenced in the co-authorship analysis of countries that determined that China,
the United States, Canada, and Italy were at the center of international cooperation. Based on changing
patterns and similarities in the presence of words and terms in the co-word networks over the decades,
the general network of all years and the top 25 networks in terms of citations, it can be seen that oil
spill detection, oil spill monitoring and remote sensing were the main foci in OSPM research over time.

An important observation regarding the use of sensor systems is that, in general, regardless of
the decade or even in the case of the top 25 of the most cited articles, only one study did not use
radar images to identify oil spills. Several other works corroborated this pattern and somehow drove
the research in this field [2–4]. Another area that notoriously deserves more in-depth investigation
is the use of hyperspectral images in the detection and monitoring of oil spills, although it has
appeared in co-word networks in more recent decades. Optical sensor systems were less frequent;
however, they were used and found in the word networks associated with the use of radar images,
which determines the potential use of these images in conjunction with other sensor systems. In this
sense, Modis and Landsat were the most frequent. When we consider classification methods and
algorithms, undoubtedly, machine learning is the most frequently used technique. Algorithms such
as artificial neural networks, Support Vector Machine, and Maximum Likelihood are the ones that
stand out with higher frequency, regardless of the evaluated decade. It is clear that the OSPM field’s
evolution reflects the dynamics associated with the topology of all the networks due to the increase
in the number of words, terms, and their interplay. In fact, it refers to the tendency of the increasing
complexity of research in terms of objectives, the volume of published data, and interactions between
countries. These topology changes indicate that the developed approaches are gradual without the
appearance of new disruptive concepts with the previous themes, having their biggest change in
the 1990s with the emergence of new techniques. All calculated indices indicate that this field of
investigation is expanding rapidly and remains active over time.

5. Conclusions

In this article, we revisit the relevant literature on oil spill detection and mapping from the last
fifty years (1970–2019). We revealed aspects of great importance and interest in this field of knowledge,
using the qualitative and quantitative word association network approach to give a clear overview of
this field’s research trends for the past 50 years. We performed a bibliometric analysis with a systematic
review. We found as an overall result that the main trends observed in this field of science, at this
moment, are in frank expansion in terms of its conceptual, theoretical, and methodological approaches.
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The gradual increase in the number of new terms and words presented in the networks, as well as the
intricate structure over the decades and their interactions, are also noticed.

Our results point to strong evidence that oil detection at sea has shown significant evolution in
recent decades. This evolution is explained by the fact that there is a strong relationship between the
technological evolution of detection and remote sensing data acquisition methods.

Among the countries that contributed most to this field of science, China, the United States and
Canada stood out as the largest producers and disseminators of information in this research field.

Our study’s approach, which involves bibliometric techniques and tools, and the use of metrics
that describe the structure of the networks, depicted meaningful advances related to better highlighting
the general and specific research trends in this field of science.

Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/21/3647/
s1, Table S1—The table containing the results of the search was carried out on the Scopus base between
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(Affiliations, Serial identifiers (e.g., ISSN), PubMed ID, Publisher, Editor (s), Language of original document,
Correspondence address, Abbreviated source title), Abstract & keywords (Abstract, keywords, Index keywords),
Funding details (Number, Acronym, Sponsor, Funding text), Table S2—Feature information statistics based on the
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