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Abstract: The world has a long record of shoreline and related erosion problems due to the impacts
of climate change/variability in sea level rise. This has made coastal systems and large inland water
environments vulnerable, thereby activating research concern globally. This study is a bibliometric
analysis of the global scientific production of data sources and tools for shoreline change analysis
and detection. The bibliometric mapping method (bibliometric R and VOSviewer package) was
utilized to analyze 1578 scientific documents (1968–2022) retrieved from Scopus and Web of Science
databases. There is a chance that in the selection process one or more important scientific papers
might be omitted due to the selection criteria. Thus, there could be a bias in the present results due to
the search criteria here employed. The results revealed that the U.S.A. is the country with the most
scientific production (16.9%) on the subject. Again, more country collaborations exist among the
developed countries compared with the developing countries. The results further revealed that tools
for shoreline change analysis have changed from a simple beach transect (0.1%) to the utilization of
geospatial tools such as DSAS (14.6%), ArcGIS/ArcMap (13.8%), and, currently, machine learning
(5.1%). Considering the benefits of these geospatial tools, and machine learning in particular, more
utilization is essential to the continuous growth of the field. Found research gaps were mostly
addressed by the researchers themselves or addressed in other studies, while others have still not
been addressed, especially the ones emerged from the recent work. For instance, the one on insights
for reef restoration projects focused on erosion mitigation and designing artificial reefs in microtidal
sandy beaches.

Keywords: shoreline change; coastal erosion; sea level rise; remote sensing; Landsat; machine
learning; GIS; climate change

1. Introduction

Coastal systems and large inland water environments are under threat of climate
change/variability and sea level rise. Several research studies have stressed the impacts of
climate change, climate variability (extreme events) and sea level rise on global shorelines
and related erosion [1–3]. The situation is further aggravated by the current anthropogenic
pressure (urbanization) [4]. As reiterated by Ware et al. [5], human settlement has always
been concentrated along the coast and large inland waterbodies. This assertion was earlier
stressed by Blackburn et al. [6], who reported that 16 of the world’s megacities are found
within coastal regions and large deltas. A recent study by Bamunawala et al. [7] projected
that the collective impacts of climate change (sea level rise, temperature, and precipitation)
and anthropogenic influences (urbanization) will cause 90% of global shorelines to retreat.

A shoreline is the point of the physical border between land and water [8]. While
this definition looks simple, it is indeed challenging in its practical application [9]. The
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position of the shoreline changes through time due to cross-shore and alongshore sediment
movement in the littoral zone, and through changes in water levels [9,10]. The temporal
nature and time scale of shorelines must, therefore, be considered in shoreline investi-
gation [9,10]. An understanding of the temporal and time scales in shoreline position is
essential for science, engineering, and coastal managers [11]. Shoreline position detection
is, thus, important especially considering the long history of human habitation of the coast
and the banks of large waterbodies and their recent adaptation [10]. This has meant that
the term shoreline change is not limited to only the coast but encompasses lake and lagoon
environments as well [12–14]. Credit in this sense, should, thus, be given to earlier geoscien-
tists such as Carr [15], de Boer and Carr [16], El-Ashry and Wanless [17], and Gulliver [18],
whose work contributed to the advancement of information on shoreline change.

The term shoreline was used in the 1800s [18], while the term shoreline change ap-
peared in the 1960s [17]. However, the combined term shoreline change analysis first
appeared in the scientific articles in the late 1970s [19]. During this time, computations and
the development of diverse geospatial tools including aerial photography, satellite imagery,
and Light Detection and Ranging (LiDAR) were made to formalize the shoreline change
analysis process. As reiterated by Burningham and Fernandez-Nunez [10], the awareness
about coastal hazards and risks such as shoreline recession and their impacts on coastal
inhabitants increased during this time.

The changing nature of the shoreline position drew the attention of coastal researchers
to develop and adopt shoreline indicators. As emphasized by Boak and Turner [9], shoreline
indicator is utilized as a proxy to show shoreline position. Boak and Turner [9] classified
shoreline indicators into 3 groups. Group 1included those indicators that are based on
visible coastal features (e.g., an earlier high-tide line or the wet/dry boundary). Studies
such as Boye, et al. [20] and Mahapatra, et al. [21] employed these indicators. Group 2
was based on tidal data (e.g., mean high water or mean sea level) with studies such as
Crapoulet et al. [22] and Moore et al. [23] utilizing these indicators. Group 3 was based on
the application of image processing skills to extract proxy shoreline characteristics. Studies
such as Luijendijk et al. [24] and Vos et al. [25] have employed the third indicator. Studies
such as Pollard et al. [26] and Salmon et al. [27] have also utilized a combination of the
three indicators.

There exist several sources of data for shoreline change analysis. However, the choice
of data usage is dependent on availability [9]. Data are, thus, sourced from historical
land-based photographs, coastal maps and charts, aerial photography, beach surveys,
Global Positioning System (GPS), remote sensing, Multispectral/hyperspectral imaging,
Airborne Light Detection and Ranging technology (LiDAR), microwave sensors, and video
imaging [9]. It must be stated that each of these sources has strengths and weaknesses (see
Boak and Turner [9]). The use of the Unmanned Aerial Vehicle (UAV) to source data for
shoreline change analysis has gained popularity in recent times [28].

Tools used for shoreline change analysis differ. Previous shorelines change analyses
were simple, as they were made by directly comparing already existing maps [10]. This
period gave little or no room for accuracy and uncertainty estimates. This method of
shoreline change analysis changed entirely during the 1970s due to the advancement in
computer technology and the related Geographic Information System (GIS). This period
allowed for the combination of diverse data types, the ability to scale, and correct geospatial
elements and digitize shorelines, which transformed shoreline change analysis into a more
computational perspective [10]. An earlier tool for shoreline change analysis was the
Coastal Feature Mapping system developed by Underwood and Anders [29]. This tool
estimates position coordinates (X and Y) through varying ground control points and
finally plots multiple shoreline maps for estimating change rates [29]. Again, the Digital
Shoreline Analysis System (DSAS) was developed by the United States Geological Survey
(USGS). Since its original development in the early 1990s, the DSAS has undergone a
series of enhancements. The first version (V.1.0) was created in 1992 by Danforth and
Thieler [30], the second (V.2.0) in 2003 by Thieler et al. [31], the third version (V.3.0) in 2005
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by Thieler et al. [32], the fourth version (V.4.0) in 2009 by Thieler, et al. [33], and the fifth in
2018 consisting of versions (V.5.0 and V.5.1) by Himmelstoss et al. [34,35].

The high utilization of the DSAS software is due to its easy incorporation into Ar-
cGIS/ArcMap. This has made its utilization in shoreline change research undoubtable [36,37].
However, other GIS software such as the QGIS has also received attention in recent times.
As reiterated by Burningham and Fernandez-Nunez [10], researchers nowadays use the
QGIS to generate a shoreline database and create shapefiles or other form of geospatial files
and import them into programming environments such as Python, MATLAB, or R, to per-
form shoreline change analysis. Studies such as De Lima et al. [38] and Griffiths et al. [39]
have used QGIS in assessing shoreline change. Tools such as the AMBUR and the Open
Digital Shoreline Analysis System (ODSAS) have also been widely recognized due to their
capabilities in estimating coastal variations [40–42]. Additionally, the utilization of models
and algorithms has increased in recent times, and this has provided a place for machine
learning in shoreline change analysis [43–45].

There exist several research studies on shoreline change analysis and detection. Many
of which are either an original article (e.g., Moore et al. [23], Vos et al. [25], Santos et al. [37],
Castelle et al. [46], and Yadav et al. [47]) or review the literature (e.g. Boak and Turner [9],
Apostolopoulos and Nikolakopoulos [48], and Parthasarathy and Deka [49]). As research
continues to grow, it is worthwhile to understand the current state of global scientific
production on the subject. So far, little or no studies have attempted anything in this
regard. It is, therefore, important to utilize the bibliometric method, which can chart the
history of publications and the development of scientific output on the subject [50]. The
bibliometric approach uses statistical and mathematical techniques to analyze scientific
publications. As reiterated by Aria, et al. [51], the bibliometric approach can be used
to analyze the contributions of authors, journals, and countries to a research field. The
bibliometric approach can also map out clearly important themes and reveal gaps in a
particular field of study [52].

The bibliometric approach has been utilized by many authors in different fields [53–56].
However, in the field of shoreline change analysis and detection, it is less utilized. To the
best of our knowledge, it is only Mishra et al. [36] who has performed a bibliometric analysis
on shoreline change analysis. However, the researchers only focused on the development
of the DSAS tool and did not attempt to observe the progress on data sources (methods)
and other important tools for shoreline change analysis and detection. The present study
thus builds on these, and extends them to include developments in data sources (methods)
and tools for shoreline change analysis and detection. This study performed bibliometric
analysis of data sources (methods) and tools for shoreline change analysis and detection.
The following objectives were, therefore, studied: data sources (methods) for shoreline
change analysis and publication growth and the critical assessment of the tools for shoreline
change analysis and detection. As the global sea level continues to rise under a changing
climate [1,2,57,58], information on shoreline change analysis through research is essential.
This research, therefore, does not stand to benefit only coastal communities and coastal
engineers or planners, but also provides understanding of the existing body of literature
on shoreline change analysis and detection, which will assist potential research.

2. Materials and Methods
2.1. Search and Selection Process

This study retrieved scientific documents on data sources (methods) and tools for
shoreline change analysis and detection from Scopus (Elsevier) and Web of Science (WoS)
(Clarivate Analytics) databases. These two databases were chosen because they cover
broad scientific disciplines and are also seen as the largest abstract and citation databases
for scientific documents [59]. Several studies (e.g., Lima and Bonetti [60] and Pathmanan-
dakumar, et al. [61]) have stressed the difficulties of merging two databases for bibliometric
analysis and, thus, use a single database. This study, however, made efforts to integrate
the Scopus and the Wos databases (see Supplementary Material Table S1 for details of the
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merging procedure). The usage and integration of both databases in this study helped to
reduce the risk of losing important documents on data sources (methods) and tools for
shoreline change analysis and detection.

The authors met and discussed a range of keywords related to data sources (methods)
and tools for shoreline change analysis and detection. A search for relevant documents
in both databases was, therefore, performed. The functions Title, Abstract, Keywords
(TITLE-ABS-KEY), and Topic (TS) for Scopus and WoS, respectively, were employed in
the documents search. To include all relevant documents, the search combined Boolean
operators such as ‘AND’ and ‘OR’ with the search terms (Table 1).

Table 1. Keywords used for documents search.

Scopus

TITLE-ABS-KEY((“Shoreline change” OR “shoreline mapping” OR “shoreline analysis” OR
“shoreline position” OR “shoreline detection” OR “coastline change” OR “coastal erosion” OR

“coastal accretion”) AND (“GIS” OR “Geographic Information System” OR “QGIS” OR “remote
sensing” OR “Landsat” OR “aerial photography” OR “beach survey” OR “Global Position
System” OR “GPS” OR “satellite imagery” OR “multispectral imagery” OR “hyperspectral

imagery” OR “ Airborne Light Detection and Ranging technology” OR “LiDAR” OR “microwave
sensors” OR “video imaging” OR “Unmanned Aerial Vehicle” OR “UAV”))

WoS

TS = ((“Shoreline change” OR “shoreline mapping” OR “shoreline analysis” OR “shoreline
position” OR “shoreline detection” OR “coastline change” OR “coastal erosion” OR “coastal

accretion”) AND (“GIS” OR “Geographic Information System” OR “QGIS” OR “remote sensing”
OR “Landsat” OR “aerial photography” OR “beach survey” OR “Global Position System” OR
“GPS” OR “satellite imagery” OR “multispectral imagery” OR “hyperspectral imagery” OR “

Airborne Light Detection and Ranging technology” OR “LIDAR” OR “microwave sensors” OR
“video imaging” OR “Unmanned Aerial Vehicle” OR “UAV”))

The study placed no restriction on the publication years, document types, languages,
and subject/research areas. A total of 2516 and 1405 documents were found in Scopus and
WoS, respectively. Documents selection criteria were applied to titles and abstracts. The
study centered its exclusion criteria based on the inclusion of data sources (methods) and
tools for shoreline change analysis and detection. This made sure that only studies on data
sources (methods) and tools for shoreline change analysis and detection were included.
After reading through the titles and abstracts, a total of 1453 and 762 studies were found
that were eligible in Scopus and WoS, respectively. Eligible studies in both databases were
first exported in BibTeX format and later the Plain Text format for WoS (see Supplementary
Material Table S1). These formats aided the merger of the two databases in the bibliometric
R and the Visualization of Similarities (VOSviewer) package. In this regard, 637 duplicates
were identified and removed by the bibliometric R package. In total, 1578 documents
(Table 2) were deemed eligible and were utilized in the study. The documents retrieved
from both databases covered 5 decades (1968–2022).

2.2. Bibliographic Mapping

The study employed bibliographic mapping methods (quantitative approaches) to
visualize the global scientific production on data sources (methods) and tools for shore-
line change analysis and detection through the usage of bibliographic data [50]. Data
analysis was, thus, performed through the utilization of the bibliometric R package
(version 2.2.0) [50], while data visualization was performed through the VOSviewer soft-
ware (1.6.17) [51]. The study used the bibliometric R package because of its capability of
creating various possibilities for data analyses [62]. This package, thus, gives an order of
actions for bibliographic data importation for bibliometric analyses and provides assump-
tions on statistics including citations and keywords. The VOSviewer, an open bibliometric
visualizer, can analyze large data sets and create insightful images that help data analy-
sis [63]. The bibliometric analysis in this study placed emphasis on the global intellectual
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construction surrounding shoreline change analysis and detection and the applicable data
sources (methods) and tools. This was, therefore, realized by carrying out analysis such
as keyword and citation. Keyword analysis helped in the explanation of the nature of the
networks and concepts utilized by authors. Analysis performed in this regard was focused
on the co-occurrences of keywords. Citation analysis was also useful in detecting relevant
authors. In addition, country analysis was essential and helped to understand the most
prominent and productive countries that published scientific documents on data sources
(methods) and tools for shoreline change analysis and detection. Analysis was further
performed to understand the thematic progress and the direct citation analysis of data
sources (methods) and tools for shoreline change analysis and detection.

Table 2. Document types considered in data sources and tools for shoreline change analysis
and detection.

Document Type Number

Abstract report/meeting 2
Article 1148

Data paper 2
Proceedings paper 22

Book chapter 32
Conference paper 338

Correction 3
Note 1

Review 30
Total 1578

3. Results
3.1. Scientific Mapping
3.1.1. Publication Trends in Data Sources (Methods) and Tools for Shoreline Change
Analysis and Detection

Figure 1 shows the annual publication distribution of data sources (methods) and tools
for shoreline change analysis and detection globally between 1968 and 2022. Although
shoreline studies established itself in the 1800s [18], it is clear from Figure 1 that studies on
data sources and tools for shoreline change analysis and detection appeared in the scientific
journal in 1968. The scientific production has, since then, increased exponentially and
has seen an annual percentage growth rate of 8.01%. A critical look at Figure 1 indicates
that the year 2021 recorded the highest (202) number of publications, followed by 2020
(178), while the lowest (1) was recorded in the years 1968, 1971, 1972, 1980, 1983, and
1984. The year 2022 has a total of 32; however, it must be noted that a databases search for
published articles for the year 2022 only captured the months of January and February. A
total of 32 publications for one and half months, therefore, shows a promising scientific
production, and this study believes that the total number of publications for the year 2022
will surpass that of 2021 as the highest as per this analysis. The percentage growth rate of
8.01% indicates the fast-changing shorelines and the impact of this globally. This echoed an
increasing concern among the scientific community to realize the fundamental processes of
shoreline change in order to plan for the appropriate adaptation and mitigation measures.
(A list of all the studies (1578) used for the analysis carried out in the present study can be
found in Supplementary Material Table S2.
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3.1.2. Most Relevant Sources in Data Sources and Tools for Shoreline Change Analysis
and Detection

Table 3 shows the top-20 most relevant journals in data sources and tools for shoreline
change analysis and detection. From Table 3, the majority of the documents (192) were
published in the Journal of Coastal Research, followed by Remote Sensing (46), while
Marine Geodesy (15) is the lowest.

3.1.3. Most Relevant Authors in Data Sources and Tools for Shoreline Change Analysis
and Detection

Table 4 shows the 20 most relevant authors in data sources and tools for shoreline
change analysis and detection. From Table 4, Zhang Y is recognized as the most relevant
author on the subject, while Misria A takes the last spot among the top 20 considering the
fractionalized articles of the authors. It must be stated that articles fractionalized of the
individual authors represents a fraction of their co-authored publications.
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Table 3. Top-20 most relevant journals in data sources and tools for shoreline change analysis.

S/N Journals Number of
Documents

1 Journal of Coastal Research 192
2 Remote Sensing 46
3 Geomorphology 45
4 IOP Conferences Series: Earth and Environmental Science 38
5 Journal of Coastal Conservation 37
6 International Archives of the Photogrammetry Remote Sensing and Spatial Information Sciences- ISPRS Archives 29
7 Marine Geology 29
8 International Journal of Remote Sensing 27
9 International Geoscience and Remote Sensing Symposium (IGARSS) 24
10 Proceedings of SPIE- The International Society for Optical Engineering 24
11 Environmental Earth Sciences 23
12 Ocean and Coastal Management 23
13 Journal of the Indian Society of Remote Sensing 20
14 Environmental Monitoring and Assessment 19
15 Arabian Journal of Geosciences 17
16 Journal of Marine Science and Engineering 17
17 Natural Hazards 17
18 ISPRS International Journal of Geo-Information 16
19 Regional Studies in Marine Science 16
20 Marine Geodesy 15

Table 4. Top-20 most relevant authors in data sources and tools for shoreline change analysis.

S/N Authors Articles Articles
Fractionalized

1 Zhang Y 17 6.53
2 Liu Y 14 3.04
3 Li X 13 4.33
4 Turner I 12 2.96
5 Bayram B 11 2.37
6 Wang Y 11 3.39
7 Del R L 10 2.75
8 Li J 10 2.47
9 Pardo-Pascual J 10 2.12
10 Anthony E 9 1.71
11 Goncalves R 9 2.22
12 Hou X 9 2.65
13 Jones B 9 1.80
14 Kankara R 9 2.73
15 Li R 9 2.46
16 Mishra M 9 2.08
17 Wang C 9 2.21
18 Awange J 8 2.22
19 Islam M 8 1.47
20 Masria A 8 1.95

3.2. Country Analysis
3.2.1. Most Productive Countries

Figure 2 shows a summary of the most productive countries that have contributed to
scientific production on data sources and tools for shoreline change analysis and detection.
The study places emphasis on the 20 most productive countries. Among the top 20, the
United States of America (U.S.A.) is the country with the most scientific production (267),
followed by India (191), while there is a tie between Poland and Portugal for the lowest
(20) among the top 20. It must be stated that country ranking is centered on the first
author’s affiliation.



Sustainability 2022, 14, 4895 8 of 23
Sustainability 2022, 14, x FOR PEER REVIEW 8 of 23 
 

 

 
Figure 2. Most productive countries in the scientific production on data sources and tools for shore-
line change analysis and detection (1968−2022). Note: *Poland and Portugal have 20 documents and 
so, the study saw the need to report both. N indicates number of documents. 

3.2.2. Country Collaborative Analysis 
In this analysis, the VOSviewer software was utilized to map and visualize the col-

laboration network among countries and their published scientific documents. Here, the 
default setting (a threshold of the minimum number of 5 documents of a country) was 
maintained. The study did not change this default setting, as a minimum of 5 documents 
gives a strong indication of a country’s commitment to collaborate with other countries. 
Of the 282 countries identified, 51 met the threshold. The 51 countries were grouped into 
9 clusters with links (221) and total link strength (474). It must be stated that, a stronger 
collaboration between countries is identified by the links and the total link strength.  

From Figure 3, the yellow color with U.S.A and China is recognized as the countries 
with the greatest collaborations. The second is the green color, consisting of countries such 
as the United Kingdom and Italy. The third is the violet color containing countries such 
as Australia and the Netherlands. France and Ghana, in a light blue color, pick up the 
fourth position. The blue color containing countries such as Germany and Brazil is seen 
as fifth. Following this is the red color, with countries such as Japan and Denmark. India 
and Mexico, in a light brown color, pick up the seventh spot. Indonesia and Malaysia in a 
white color are eighth, and Egypt and Saudi Arabia in a black color pick up the last place. 

Figure 2. Most productive countries in the scientific production on data sources and tools for shoreline
change analysis and detection (1968–2022). Note: *Poland and Portugal have 20 documents and so,
the study saw the need to report both. N indicates number of documents.

3.2.2. Country Collaborative Analysis

In this analysis, the VOSviewer software was utilized to map and visualize the col-
laboration network among countries and their published scientific documents. Here, the
default setting (a threshold of the minimum number of 5 documents of a country) was
maintained. The study did not change this default setting, as a minimum of 5 documents
gives a strong indication of a country’s commitment to collaborate with other countries.
Of the 282 countries identified, 51 met the threshold. The 51 countries were grouped into
9 clusters with links (221) and total link strength (474). It must be stated that, a stronger
collaboration between countries is identified by the links and the total link strength.

From Figure 3, the yellow color with U.S.A. and China is recognized as the countries
with the greatest collaborations. The second is the green color, consisting of countries such
as the United Kingdom and Italy. The third is the violet color containing countries such
as Australia and the Netherlands. France and Ghana, in a light blue color, pick up the
fourth position. The blue color containing countries such as Germany and Brazil is seen as
fifth. Following this is the red color, with countries such as Japan and Denmark. India and
Mexico, in a light brown color, pick up the seventh spot. Indonesia and Malaysia in a white
color are eighth, and Egypt and Saudi Arabia in a black color pick up the last place.
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3.3. Keywords Analysis
Keywords Co-Occurrence Analysis

Analysis was performed on keywords co-occurrence as shown on Figure 4. Keywords
were retrieved from the titles and abstracts of the 1578 documents analyzed in the present
study. The VOSviewer software was once again used in this analysis. Over here, the
default setting (a threshold of the minimum number of 5 occurrences of a keyword) was
maintained. The study believed that the occurrence of a keyword 5 times indicates the
importance keyword to the subject. Of the 3146 keywords, 161 meet the threshold. In all,
11 clusters with links (1503) and total link strength (3161) were identified and examined
based on the total link strength approach. Of these 11 clusters, 7 are of major dimensions
and indicate greater co-occurrence of the resultant keywords in either the titles or abstracts
(Figure 4). Clusters in circles are depicted by diverse colors and dimensions.

Of these 7 major clusters, the blue color containing keywords such as remote sensing
and Landsat is the first and the most co-occurred keywords. The second is seen in the red
color with keywords such as shoreline change and DSAS. The third occurred in the purple
color with keywords like coastal erosion and shoreline. The green color makes the fourth
and have keywords such as erosion and beach. Keywords such as GIS and Landsat 8 in
the pink color make the fifth most co-occurred. The yellow color containing keywords like
shoreline changes/position and coastline changes/extraction is the sixth, while the black
color with keywords like coastline and shoreline protection is the less co-occurred.
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3.4. Data Sources (Methods) and Tools for Shoreline Change Analysis and Detection

Figure 5a–c show the data sources, methods, and tools used in shoreline change
analysis and detection. Figure 5a shows that Landsat (516 studies) is the most utilized
data source for research on the subject, followed by the combination of multiple (425)
data sources, while the least utilized includes the Global Navigation Satellite system
(GNSS), the MODIS, Pléiades, and QuickBird (1) satellite imageries. From Figure 5b, the
majority of the studies on the subject employ remote sensing methods (578 studies), while
the photo interpretation method (1) is the least utilized method. From Figure 5c, the
majority (968 studies) did not indicate any specific tool, followed by the DSAS tool (231)
and the ArcGIS/ArcMap (218). The least (1) utilized tools include the beach transect the,
Coastal Analyst System from Space Imagery Engine (CASSIE), CoastSat, IDRISI, Intergraph,
LaeNet, Spatial analysis of coastal risks (MAp-RISC), Spreadsheet Mapper, SPSS, and
VEdge_Detector.
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3.5. Thematic Progression Analysis

Figure 6 depicts the main research topics based on the global scientific publication of
the subject matter of data sources and tools for shoreline change analysis and detection.
Placing emphasis on relevant degrees (centrality) (horizontal axis) and development de-
grees (density) (vertical axis), a four-topic quadrant is identified [64]. It is worth noting that
the sizes of the circles in the individual quadrants are relative to the number of documents
and are equal to each keyword.
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Topics found in the upper-right quadrant (motor themes) reveal the hot topics and
indicate greater density and stronger centrality. Topics in this quadrant are highly noticeable
concepts that are relevant and related directly to other conceptual topics. Topics found in
the lower-right quadrant (basic themes) depict important keywords in the data sources and
tools for shoreline change analysis and detection as a research area but are not advanced.
Again, topics in the upper-left quadrant (niche/specialized themes) are highly engaged
and show highly improved internal links but slight external links. Additionally, topics
located in the lower-left quadrant (emerging or declining themes) describe themes as less
advanced with minimal centrality and density. Coastal erosion is observed as the hot
topic on the subject. This topic has higher density and stronger centrality and relates well
with other conceptual themes. Basic topics on data sources and tools for shoreline change
analysis and detection studies include erosion and shoreline change. Niche topics comprise
shoreline evolution and coastal management, while remote sensing is recognized as an
emerging topic.
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3.6. Direct Citation Analysis

Figure 7 depicts the intellectual structure portrayed through a historical direct citation
network. As reiterated by Borgman and Furner [65], the historical direct citation denotes
a sequential map of the most important citations arising from a bibliographic database.
Relevance in this sense is not only given to the authors, but also the topics of interest
on the subject and the related discussion that researchers bring up. A summary of data
sources and tools for shoreline change analysis and detection is displayed in Supplementary
Material Table S3. From Figure 7, 9 clusters are identified, and these show the articles that
have direct citation. A thorough review of the historical direct citation was undertaken to
trace the subject’s information. The 3 earliest and the 3 latest publications in the clusters
are reported. For some clusters, however, either the earliest or the latest publication was
reported depending on the number of direct citations in that cluster.
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As shown in Figure 7, a direct citation in the field emerged in 1984 (blue colored
cluster) by the work of Jantunen and Raitala [66]. The study used multitemporal Landsat
data to locate shoreline changes in the Porttipahta Finland water reservoir. Three other
studies directly cited this study (Figure 7; 3 direct lines), and it was also cited afterwards by
Eliot and Clarke [67] and Chen [68]. Generally, the studies’ central focus was on shoreline
change detection. Works in this cluster employed diverse approaches, such as remote
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sensing techniques (multitemporal Landsat satellite data) used by Jantunen and Raitala [66]
to locate shoreline changes in the Porttipahta Finland water reservoir, the use of beach
survey records to evaluate temporal and spatial bias in the estimation of shoreline rate
of change statistics from beach survey information by Eliot and Clarke [67], the use of
remote sensing (multi-temporal satellite images-SPOT) to detect shorelines changes for
tideland areas by Chen [68], the use of field measurements and remote sensing (Landsat
images) to analyze the influence of climatic variations on river delta hydrodynamics and
morphodynamics by da Silva et al. [69], the utilization of remote sensing and GIS (RapidEye
images and DSAS) to evaluate sedimentary balance and morphological changes observed
in Pecém Port in Brazil by Duarte et al. [70], and remote sensing and GIS (Landsat images,
DSAS) to observe a bimodal climate control of shoreline change by Kelly et al. [71]. The
works in this cluster stated varying outcomes including the importance of using digital
Landsat data to generate information about environmental changes in reservoir areas,
variations in the trends of short term beach surveys (5-year records), detection of error in
sand barriers tests, greater changes occurring westwards from the Parnaíba river delta,
anthropogenic activities seriously changing coastal morphology and the natural elements,
and the phase of the Interdecadal Pacific Oscillation (IPO) determining the bimodal climate
control of shorelines.

The work of Frihy, et al. [72] in 1994 led the second (red colored cluster) and was
directly cited by 1 other study (Figure 7; 1 direct line). The study employed remote sensing
techniques (Landsat- MSS and aerial photograph) to analyze the pattern of shoreline
changes (beach erosion) in the northwestern Nile delta. The key finding in this was the
detection of the longshore pattern or the sequence of beach erosion and accretion [72].

The work of Solomon [73] in 2005 led the third (brown colored cluster) and was
directly cited by Jones et al. [74]. This study analyzed the spatial and temporal variability of
shoreline change in the Beaufort-Mackenzie region of Canada. Aerial photographs and GPS
surveys were the data sources used, whereas the Geographic Resources Analysis Support
System (GRASS) was the tool used. The key finding was the dominance of shoreline retreat
with mean annual retreat rates (−0.6 m/yr) [73].

Again, the work of Ojeda and Guillén [75] in 2008 led the fourth (green colored
cluster). This work was directly cited by 1 other study (Figure 7; 1 direct line). The study
monitored shoreline dynamics and beach rotation of artificial embayed beaches in the
city of Barcelona [75]. Data sources utilized in this study included cameras (Argus video
systems), surveys using the differential Global Position System (dGPS), and the Intertidal
Beach Mapper software as the main tools. The main finding in this study was a general
retreating trend with displacements of the shorelines, which resulted from the oblique
wave incidence during strong storm phenomena [75].

The fifth (pink colored cluster) was also led by the work of Heo et al. [44] in 2009. This
work received a direct citation from 1 other study. This was followed by Chaaban et al. [76]
in 2012, which received 3 direct citations from other studies. Largely, the studies in this
cluster focused on proposing methodologies and data sources in estimating shoreline
change. Methods (data sources) used in this study were the utilization of remote sensing
(Corona) [44], GIS (aerial photographs) [76], remote sensing (LiDAR) [77], and field survey-
ing (LiDAR and GPS survey) [78]. Key findings from this cluster included the reliability
in the use of the buffering and non-linear least square in shoreline change estimation [44],
the identification of retreat (82%) in shorelines between 1947 and 2005 [76], significant
declines in shorelines [77], and the advancement of the sea towards the coast since the 16th
century [78].

In addition, the work of Hou, et al. [79] in 2016 was essential and led the sixth
(light blue colored cluster). This work received a direct citation from 1 other study. The
study examined coastline changes in China [79]. The study used remote sensing, GIS,
and field survey approaches and data sources such as topographic maps and Landsat
Thematic Mapper (TM)/Landsat Enhanced Thematic Mapper Plus (ETM) +/Operational
Land Imager (OLI). The key finding was the dramatic change in the coastline structure of
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mainland China because of coastline artificialization caused by sea reclamation and coastal
engineering [79].

Furthermore, the seventh (purple colored cluster) was led by the study of Tem-
plin et al. [80] in 2018 and afterwards by Dominici et al. [43] in 2019. Both studies were
directly cited by 1 other study. The study of Templin et al. [80] described the application of
low-cost fixed-wing UAVs for inland lake shorelines, while that of Dominici et al. [43] found
high resolution satellite images for instantaneous shoreline extraction using algorithms.
Both studies employed remote sensing approaches, with the addition of algorithms in the
case of [43]. UAV by [80] and satellite- WorlView-2 images by Dominici et al. [43] were the
data sources utilized in both studies. The findings were that a low-cost UAV is an excellent
tool for estimating shallow changes in lake shorelines [80] and the detection of greater
accuracy in the Active Connections Matrix (ACM) algorithms for testing satellite images
for shoreline extraction [43].

Moreover, the eighth (light green colored cluster) was led by the work of Hisabayashi et al. [45]
in 2018. This work received a direct citation from 1 other study. The study examined shore-
line change in Funafuti Atoll through the usage of satellite images [45]. A remote sensing
approach was used with data sources originating from satellite images such as QuickBird-2,
WorldView-2, WorldView-3, and Landsat-OLI data. Tools used were CLASlite software and
Terrset-IDRISI. The finding from this study was a decrease (0.13%) in net island area [45].

The final (light brown colored cluster) was led by Zanutta et al. [28] in 2020. This
work was cited directly by 1 other study. The study evaluated UAV and ground surveys
as a mapping tool for monitoring shoreline and beach changes [28]. This study utilized
the remote sensing and field survey approaches. Relevant data were LiDAR data, Digital
Terrain Models (DTMs), orthophotos, and UAV (DJI Matrice 600 and Spark) images. The
Agisoft Metashape Professional Edition 1.5.5, Agisoft LLC, the RTKLIB v. 2.4.3 software,
and QGIS software were the tools employed in the study. The key finding was that low-
cost, professional, and commercial UAVs are good tools to produce maps and detect
topographical changes.

In general, this review has indicated that the research field focuses on changes along
coasts (coastlines/shorelines), riverbanks, deltas and lake shorelines. It is interesting to note
that the research field has witnessed significant transformations in terms of methodologies
(data sources) and tools used. Since the utilization of low-resolution aerial photographs and
historical maps in the interpretation of shorelines between capes Hatteras and Fear in North
Carolina by El-Ashry and Wanless [17], there has been an advancement in the quality of
data used for shoreline change analysis and detection. The work of Herbich and Hales [81],
which was presented at the Third Annual Offshore Technology Conference by the American
Institute of Mining, Metallurgical, and Petroleum Engineers, Inc., held in Houston, Texas,
was essential to this research area. In their work, they talked about remote sensing tech-
niques and the available instruments used in determining changes in coastlines [81]. The
works of Dolan et al. [8], which questioned the reliability of aerial photographs in shoreline
change measurements was also important. From this point, researchers in the field began
exploring more advanced techniques. The work of Jantunen and Raitala [66] was, thus,
the first study in this field to utilize multitemporal high resolution satellite- Landsat data
to analyze shoreline change. From this point, researchers started using high-resolution
satellite images, including aerial photographs.

The growth in remote sensing approaches and the utilization of high-resolution satel-
lite images was challenged with the appropriate tools for shoreline quantification. This chal-
lenge was addressed in the 1990s. Thieler and Danforth [82] developed the DSMS/DSAS,
a powerful tool used for estimating shoreline rates of change and uncertainties. This era
saw the integration of remote sensing and GIS techniques in shoreline change analysis and
detection (e.g., Cetin et al. [83] and Williams [84]). The 2000s comprised reviews in the tech-
niques used for shoreline mapping. The work of Moore [85], which provided an overview
of errors related with shoreline mapping and the suggested factors like choosing the most
appropriate method for shoreline mapping and using GPS over topographical sheets to
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establish control, etc. (see Moore [85] for more details) was essential to the research field.
Additionally, the work of Boak and Turner [9], which revisited shoreline definition and
detection, was important in this time. Their work provided better explanations, especially
on shoreline indicators and data sources [9].

Beginning from the mid-2000s, the research field suffered massive transformation
with respect to approaches and data sources. While remote sensing, GIS approaches, and
DSAS tool still dominate, there has been an increasing utilization of models, algorithms
(machine learning), and new software in the research field (e.g. the ACM algorithms by
Dominici et al. [46], the buffering and non-linear least square model by Heo et al. [47],
CLASlite and Terrset-IDRISI software by Hisabayashi et al. [48], and the GRASS software
used by Solomon [79]). It is interesting to note that there has been a shift towards the use
of low-cost UAVs (e.g. Zanutta et al. [28], Templin et al. [80], Łubczonek et al. [86], and
Medvedev et al. [87]) even though the use of satellite images still dominates the field.

In summary, the research field of shoreline change has seen advancements, especially,
in the data sources, approaches, and tools. The field began with the detection of shoreline
positions through historical maps, aerial photographs, and now through high resolution
satellite images. The remote sensing approach (see Figure 5b) dominates the field. It
is interesting to note that field measurements and surveys through the employment of
GPS has consistently been utilized in the research field. Researchers use GPS surveys to
establish control. GPS surveys are also used to validate remote sensing data. The DSAS has
remained an important tool in the research field and shows dominance. However, there has
been an increasing utilization of other software such as the QGIS, GRASS, Terset-IDRISI,
ERDAS, CoastSat, AMBUR, etc. for coastal variation analysis. The increasing utilization of
models, algorithms, and programming environments for research in the field has, therefore,
provided room for machine learning (see Figure 5c) in the shoreline change analysis and
detection field. It is interesting to note that some of the studies that lead to a cluster are
related to one direct citation. There is, however, the chance that these studies could be cited
by many more papers. This review believes that papers citing these studies are not indexed
in the databases used for the document search in the present study, which could result in
their inability capture papers directly citing them.

3.7. Viewpoints of Shoreline Change Analysis and Detection through Machine Learning Tools

The scientific mapping which covers five decades on the research field (see Section 3.1)
indicates one major viewpoint, that is, progression from observation and interpretation
(qualitative description) of historical maps to spatio-temporal analysis (quantitative and/or
computational analysis) of high-resolution satellite images employing geospatial techniques
(remote sensing). It is worth noting that the field has benefited from both the observational
and spatio-temporal analyses.

With the combined progression of qualitative description and improved quantitative
and/or computational analysis, intelligent (machine learning) shoreline change analysis
and detection tools have been developed. In this review, machine learning makes up 81,
or 5.1% of all the documents (1578) analyzed (Figure 8). As the global shorelines continue
to change, an indirect average production of about two scientific documents employing
machine learning tools occur yearly. This shows the low utilization of the machine learning
tools despite the consistent growth in the field.
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4. Discussion

The review has revealed the increasing publication trends and the advancement of
information on the subject. Although the first Landsat satellite was released in 1972, it
was first utilized as a data source for shoreline change analysis and detection in 1984
by Jantunen and Raitala [66] as revealed in this review. Landsat, together with remote
sensing and DSAS, have, thus, remained the most utilized data source, method and tool,
respectively, on the subject. Researchers in the field choose diverse sources to publish
their work. The Journal of Coastal Research (JCR) (Education & Research Foundation)
and Remote Sensing (MDPI AG) have been the two most influential in this regard. JCR
is based in the U.S.A. and had its first year of publication in 1985. Its long period of
establishment and country of publication could be the reason for its prominence. As shown
in the review, the majority of the documents in the field were produced in the U.S.A. It
could also be due to the journal’s scope, which covers all coastal research and subjects
relevant to the natural and engineered environment (https://meridian.allenpress.com/jcr,
accessed on 15 March 2022). This review believes that the increasing utilization of the
remote sensing methods, Landsat as a data source, and machine learning have contributed
to the prominence of Remote Sensing. Remote Sensing, having its first year of publication
in 2009, publishes original research papers, reviews, technical notes, and communications
in remote sensing science. It publishes new, advanced methods of remote sensing (https:
//mjl.clarivate.com/journal-profile, accessed on 15 March 2022). It is, however, interesting
to note that the first scientific article on the subject by El-Ashry and Wanless [17] with
regard to this review was published in Marine Geology.

The review has also revealed that several countries contributed to the research de-
velopment in the field. As shown in Figure 3, the U.S.A. is the country with the most
contributions (267 articles; 16.3%), followed by India (191; 11.6%) and China (179; 10.9%),
with a tie between Poland (20; 1.2%) and Portugal (20; 1.2%) for the last position among the
top 20. A critical analysis among the top 20 from Figure 3 shows that more contributions on
the subject are undertaken by the developed countries (65%) (e.g., the U.S.A. Turkey, France,
Italy, Australia, Spain, South Korea, Canada, UK, Japan, Germany, Greece, Poland, and
Portugal). Notwithstanding, works from the developing countries are encouraging (35%).
For instance, India, China, and Brazil were the second, third, and fourth most productive
countries on the subject, respectively. On average, bigger clusters and stronger links were
observed for the developed countries in the country collaboration analysis as against the
developing countries. The high dominance of the developed countries in this field could be
due to the well-established research institutions and the level of economic development,
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which results in their stronger collaborations. This assertion has been reiterated in the
study of Liverpool [88]. This notwithstanding, Zhang, Y, Liu, Y, and Li, X correspondingly,
are the first three most relevant authors on the subject. It is interesting to note that these
authors are based in a developing country (China) [89]. Again, it must be stated that the
contributions from the developing countries are higher in Asia (India and China), South
America (Brazil), and North Africa (Egypt) (see Figure 2). Little or no contribution is
observed in Sub-Saharan African (SSA) countries. In SSA, Ghana has contributed a total of
14, or 0.9% articles on the subject, followed by Nigeria (6; 0.4%), with a range of 0, or 0.0%
to 3, or 0.1% for the rest of the countries. The low research contributions in SSA could be
due to low levels of economic development (less funding) and less established research
institutions. It could also be due to difficulties obtaining data, as the research field in recent
times uses high resolution spatial-temporal satellite images. Some satellite images are
expensive, but some others are free. There are other difficulties in obtaining data, such as
expensive measuring equipment or lack of historic long-term field data, etc.

The thematic progression of the subject can be linked to the growth in multi-temporal
high resolution satellite data (remote sensing). Shoreline change analysis and detection
rise above simple observation (description) to high resolution satellite data analysis with
the employment of geospatial tools such as remote sensing, GIS, and machine learning
approaches. This study believes that the subject’s continuous advancement is due to
the negative impacts of climate change and variability (sea level rise, temperature, and
precipitation, extreme events) and anthropogenic activities (urbanization), which pose
risks to coastal zones and their environments. These zones and their communities have,
therefore, become vulnerable to inundation and erosion [90]. It is no wonder coastal erosion,
shoreline change, climate change, sea level rise, vulnerability, and coastal zone management
are the hot topics within the subject. This also reflects the highly utilized keywords on
the subject, such as coastal erosion, shoreline change, remote sensing, and DSAS. This,
therefore, makes shoreline change (erosion) the fundamental problem most researchers in
the field are addressing (see Figure 6).

Found research gaps (see Table S3) were mostly addressed by the researchers them-
selves. For example, SAR utilization for shoreline change modelling was identified and
addressed by Marghany and Hashim [91]. Other found gaps were also addressed in other
studies. For instance, reliable methodologies for estimating shoreline recession identified by
Heo et al. [44] was addressed by Chaaban et al. [76], while the shoreline mapping accuracy
and problems identified by Łubczonek et al. [86] were addressed by Zanutta et al. [28]. It
must be stated that some gaps have still not been addressed, especially the ones that have
emerged from the recent work, for instance, that of Escudero et al. [92]. These gaps on the
subject show the current state of knowledge and indicate potential research directions. This
review, therefore, gives a summary of the current state of knowledge and the data sources
and tools to be utilized for future research.

The study accepts the possibility of the omission of important scientific papers con-
sidering the selection criteria employed. Therefore, there could be a bias in the present
results due to the search criteria here employed. The pioneer works by authors such as
R.A. Holman, N.G. Plant, T. Lippmann in the late 1980s and 1990s using video imagery
for shoreline detection are not included. For instance, the document search in the present
study did not capture the study of Holman et al. [93] on the application of video image
processing to the study of nearshore processes. Again, the search did not include the study
of Plant and Holman [94] on intertidal beach profile estimation using video images, and
that of Lippmann and Holman [95] on the quantification of sand bar morphology using a
video technique on wave dissipation.

5. Conclusions

The global production of data sources (methods) and tools for shoreline change
analysis and detection has been investigated. Due to the negative impacts of climate
change/variability and anthropogenic activities, it is pronounced that there has been an
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increase in data sources (methods) and tools for shoreline change analysis and detection
studies globally. This review concludes that shoreline change analysis and detection studies
have progressed from using simple observation (description) from historical maps and
topographical maps to employing high-resolution multi-temporal satellite images with
remote sensing and GIS approaches for a better understanding of the subject.

This review asserts that the potency of geospatial approaches and tools such as remote
sensing, GIS, and machine learning have not been completely discovered. There is a need
for more utilization considering their enormous benefits. This review establishes that
machine learning (models and algorithms) for shoreline change analysis and detection is
an emerging theme. The introduction of machine learning could offer suitable tools and
techniques required for the growth of automatic shoreline extraction globally.

The analysis on countries’ collaborations revealed less extensive cooperation in com-
parison to the research network on the subject globally. Greater collaborations are observed
among the developed countries as against the developing countries. Additionally, more
documents on the subject are produced by the developed countries, reflecting their ability
to plan adaptations to and mitigate the subject’s problem. Although the contributions
and collaborations from the developing countries are encouraging, they have not been
evenly represented. There is, therefore, the need for a collaborative and supportive research
network to ensure the continuous global development of the research field. It must be
stated that there is the likelihood that in the selection process, one or more important
scientific papers might be omitted due to the selection criteria. There could, therefore, be a
bias in the present results due to the search criteria used.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/su14094895/s1, Table S1: procedure followed in merging Scopus and
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study; Table S3: summary of scientific publications with direct citation of data sources (methods) and
tools for shoreline change analysis and detection (1968–2022).
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