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REMOTE SENSING APPROACHES FOR LAND USE/LAND COVER CHANGE IN COASTAL AREAS AND OCEANIC ISLANDS: AN 
OPEN SCIENCE-BASED SYSTEMATIC REVIEW

Rafaela Tiengo@ 1, 2, 3, Alicia Palácios-Orueta1, 4, Jéssica Uchôa2, 3, Artur Gil34

ABSTRACT: In the current climate change context, detecting and monitoring relevant land use/land cover (LULC) changes in insular and coastal areas is critical as soon as they 

occur. This research consists of a systematic literature review of 167 open-access articles from January 2010 to June 2022, based on several parameters, namely year of publication, 

journals, geographic location of the study area, time range of the studies, data source, data type, sensors, remote sensing-based approach, data processing algorithms, accuracy 

assessment approach, and spatial resolution, using the Preferred Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) declaration as a guideline. The results revealed 

that the years 2020 and 2021 showed the highest number of studies published, namely 33 for each year (20%). The continent with the most case studies was Asia (48%), with China 

being the most productive country in this field (23%). The most analyzed time range was superior to 20 years (37% of the studies). Satellite imagery was the most applied data source 

(77%), followed by relevant historical data (e.g., land cover maps). The multispectral data was used in 77% of the studies, and the Landsat Mission represents three of five of the 

most used sensors. Normalized Difference Vegetation Index was the most applied remote sensing-based approach (10%), and the Maximum Likelihood Classifier Algorithm was the 

most widely used data processing algorithm (10%). The Overall Accuracy is the most applied accuracy assessment approach used in 85 papers (51%). Many articles used a 30-meter 

spatial resolution (69%), and higher resolutions completed the top 5 approaches. This study contributes to perceiving the main current approaches for monitoring LULC changes in 

insular and coastal environments to identify research gaps for future developments.
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RESUMO: No contexto atual das alterações climáticas, é fundamental detectar e monitorar alterações relevantes de uso/cobertura do solo em áreas insulares e costeiras logo 

que ocorram. A presente investigação consiste numa revisão sistemática da literatura de 167 artigos de acesso aberto publicados de Janeiro de 2010 a Junho de 2022, com 

base em diversos parâmetros, nomeadamente ano de publicação, revistas, localização geográfica da área de estudo, intervalo temporal analisado nos artigos, fonte de dados, 

tipo de dados, sensores, métodos baseados em sensoriamento remoto, algoritmos de processamento de dados, métodos de acurácia e resolução espacial, usando a declaração 

Preferred Reporting Items for Systematic Reviews and Meta-analysis (PRISMA) como diretriz. Os resultados revelaram que os anos de 2020 e 2021 apresentaram o maior número 

de estudos publicados, ou seja, 33 para cada ano (20%). O continente com mais estudos de caso foi a Ásia (48%), sendo a China o país mais produtivo neste domínio (23%). 

O intervalo temporal mais analisado foi superior a 20 anos (37% dos estudos). Imagens de satélite foram a fonte de dados mais aplicada (77%), seguidas por dados históricos 

relevantes (por exemplo, mapas de cobertura da terra). Os dados multiespectrais foram utilizados em 77% dos estudos, sendo que a Missão Landsat representa três dos cinco 

sensores mais utilizados. O Índice de Vegetação por Diferença Normalizada foi o método baseado em sensoriamento remoto mais aplicado (10%) e o Algoritmo Classificador de 

Máxima Verossimilhança foi o algoritmo de processamento de dados mais amplamente utilizado (10%). O Overall Accuracy é o método de acurácia mais aplicado, usado em 85 

artigos (51%). Muitos trabalhos usaram uma resolução espacial de 30 metros (69%) e resoluções espaciais maiores completaram as cinco mais utilizadas. Este estudo contribui 

para perceber as principais abordagens atuais para monitorar alterações no uso/cobertura do solo em ambientes insulares e costeiros para identificar lacunas de pesquisa para 

desenvolvimentos futuros.
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1. INTRODUCTION

Insular ecosystems are natural laboratories where evolution 
processes can be isolated and studied to be linked and extended to 
the more complex patterns exhibited by more extensive mainland 
systems. In analogy, islands may also provide insights into effective 
management approaches (Calado et al., 2015). However, island 
environments are also more vulnerable to anthropogenic pressure 
and natural hazards. The 2018 IPCC report (https://www.ipcc.
ch/sr15/, accessed on 13 August 2022) on Climate Change 
suggested an increase in extreme hydrogeological events and 
greater peak temperatures that expose these systems to a higher 
risk of natural disasters such as wildfires and flash floods (Allen 
et al., 2019). 

Small islands are land areas with less than 10,000 km2 and a 
population under 500,000 inhabitants, and they are essentially 
coastal entities (Saffache and Angelelli 2010). Oceanic islands 
face several obstacles to full development (remoteness, insularity, 
terrain, climate, economic dependence, and narrow range of 
the goods they produce) and also severe environmental issues 
(climate variability and changes, proliferation of invasive, exotic 
species, natural catastrophes, and overexploitation of natural 
resources) (Rietbergen et al., 2007). 

The main threat to sustainability in small islands is LULC change, 
driven mainly by urban development (García-Romero et al., 2016), 
the spread of invasive alien species (Gil et al., 2014), natural 
hazards (Lira et al., 2013), and an intensification of agricultural 
activity and livestock grazing (Gil, Fonseca, and Benedicto-Royuela 
2018). 

In the current climate change context and also taking into account 
the high susceptibility of most of these territories to natural hazards 
(e.g., landslides, volcanic eruptions, earthquakes), it is essential 
to detect and monitor relevant LULC changes as soon as they 
occur, to identify and address their drivers and triggers through 
effective land/coastal planning and management policies. 

Remote sensing (RS) change detection (CD) is commonly 
defined as a process to identify differences in geographical 
surface phenomena over time (Singh, 1989; Bruzzone and 
Bovolo, 2013). The CD is also defined as a process to identify 
significant differences in sequential pixel appearances due to 
object emergence, disappearance, movement, or shape alteration 
(Radke et al., 2005). The detection process includes observing 
and evaluating differences over time to document biophysical and 
physical phenomena spectral and temporal progression (Mouat, 
Mahin, and Lancaster 1993). 

The acceleration of change globally driven by naturogenic, and 
anthropogenic factors creates more significant variability of 
change processes. Hence, bitemporal, multitemporal, and time 
series CD techniques are needed to investigate heterogeneous 
change types, intensities, and process durations to suit the 
various purposes of studies. The era of freely accessible data, 
in parallel with the growth of non-proprietary toolboxes, should 
propagate doubly through RS communities and users (Panuju 
et al., 2020).

The purpose of this paper is to perceive the research background 
reviewing the current state-of-the-art in multi-sensor LULC 
changes detection in RS datasets availability/complementarity, 
methodological approaches, techniques, and parameters. A 
systematic literature review was conducted using the PRISMA 
statement as a guideline to achieve this goal.

2. METHODS

A systematic literature review was carried out of academic 
articles indexed on the Web of Science database (https://www.
webofscience.com/, accessed on 13 August 2022), using the 
PRISMA statement as a guideline (https://www.prisma-statement.
org/, accessed on 13 August 2022), to identify the relevant 
scientific work already published on LULC change, estimation, and 
prediction in the oceanic island and/or coastal areas.

The PRISMA 2020 statement is beneficial when planning and 
performing systematic reviews to ensure that all necessary 
information is gathered. The PRISMA statement aims to increase 
the transparency and scientific validity of a reported systematic 
review or meta-analysis. Using the PRISMA statement and its 
extensions to write protocols or the completed review report, 
as well as to complete the PRISMA checklists, is likely to not 
only inform reviewers and readers about what authors did and 
discovered but also to improve the quality of reporting and 
make the peer review process more efficient (Swartz 2011; 
Sarkis-Onofre et al., 2021). For these reasons, this methodology 
was selected to guide this systematic review. 

A search was conducted utilizing nine combinations of relevant 
keywords and Boolean operators inside each study’s title, 
abstract, and keywords (Figure 1). Review papers, conference 
papers, and articles written in non-English languages or non-
open-access were excluded. The search was done between 
January 2010 and June 2022. 

https://www.ipcc.ch/sr15/
https://www.ipcc.ch/sr15/
https://www.webofscience.com/
https://www.webofscience.com/
https://www.prisma-statement.org/
https://www.prisma-statement.org/
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Figure 1. Search criteria adopted: keywords combinations.

The PRISMA approach is separated into three steps: (1) 
identification, (2) screening, and (3) inclusion. Figure 2 depicts 
the full literature search and subsequent filtering to identify the 
final articles for review.

In step 1 (identification), 670 studies were identified. The search 
obtained different results from each keyword combination (Figure 

1). Search 6 got fewer results than the others (15 papers), and 
Search 9 presented the most results (285 articles). The first 
phase of the PRISMA process also includes removing duplicate 
research, which accounted for 112 of the totals. 

In step 2 (screening), 391 papers from 558 were excluded 
based on the title and abstract review. It excluded (1) articles 
from non-RS sources that did not use CD methods as the 
primary approach; (2) articles in which the study area was not 
on islands or coastal areas, and (3) papers whose subject was 
not LULC-related. The last parameter represents a large number 
of excluded papers. It occurred due to the use of “islands” as a 
keyword generating results with “heat islands” subject papers, 
which is not the focus of this review paper.

In step 3 (inclusion), the remaining articles were selected for full-
text analysis to extract relevant information. From 167 articles, 
the following information was extracted: (1) year of publication; 
(2) journal; (3) geographic location; (4) time range; (5) data 
source; (6) data type; (7) sensors; (8) RS-based approach; (9) 
data processing algorithm; (10) accuracy assessment approach 
and (11) spatial resolution (Table 1).

A list of abbreviations and acronyms used throughout the text is 
provided in Table 2 to aid in the readability of this paper.

Figure 2. Workflow chart of the literature search process to identify relevant scientific articles about land use/land cover monitoring 
with RS data. An initial pool of publications was collected in Web of Science (n = 670). After screening each article’s title, abstract, and 
keywords, 167 relevant articles remained.
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Table 1. Structure of the file created to extract the data of interest.

Feature Data Type Description

Title Free text Article title

Author (s) Free Text Author’s names

Year Categorical Published year

Journal Free text Published journal

DOI Code Article DOI

Keywords Free Text Article’s keywords

Region Categorical The continent in which the study area is located

Country/countries Free text Country/countries in which the study area is/are located

Data Source Free text Data sources (e.g., literature review, historical data)

Data Type Free text Data type (e.g., multispectral, SAR, LiDAR)

Sensors Free text Sensor (e.g., Sentinel-2, Landsat 8)

RS-based Approach Free text RS-based approach (e.g., Vegetation Indices, Image Difference, Image Ratio, Principal Components Analysis)

Data Processing Algorithm Free text Algorithms (e.g., Random Forest)

Accuracy Assessment Approach Free text The approach applied to the data analysis to verify the accuracy of the results (e.g., Kappa Index)

Spatial Resolution Free text Pixel size (in meters)

Abbreviation/
Acronym

Meaning

ALOS Advanced Land Observing Satellite

ASTER Advanced Spaceborne Thermal Emission and 
Reflection Radiometer

CD Change Detection

CNN Convolutional Neural Networks

DEM Digital Elevation Model

ESA European Space Agency

ISODATA Iterative Self-Organizing Data Analysis

Technique

KI Kappa Index

LiDAR Light Detection and Ranging

LULC Land Use and Land Cover

MLCA Maximum Likelihood Classifier Algorithm

NDVI Normalized Difference Vegetation Index

NDWI Normalized Difference Water Index

Table 2. List of abbreviations and acronyms. 

Abbreviation/
Acronym

Meaning

OA Overall Accuracy

OBC Object-Based Classification

PA Producer’s Accuracy

PCA Principal Component Analysis

PRISMA Preferred Reporting Items for Systematic

Reviews and Meta-Analyses

RF Random Forest

RS Remote Sensing

SAR Synthetic-Aperture Radar

SAVI Soil-Adjusted Vegetation Index

SRTM Shuttle Radar Topography Mission

SVM Support Vector Machine

UA User’s Accuracy

UAV Unmanned Aerial Vehicle

VI Vegetation Indices
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3. RESULTS AND DISCUSSION

3.1. Year of publication

Analyzing the number of yearly scientific articles might indicate 
trends and patterns. It can assist in identifying whether a 
particular topic of study is growing or declining in popularity. The 
articles analyzed in this paper were published between January 
1st, 2010, and June 30th, 2022. The number of studies varied 
over the years without an apparent pattern or trend (Figure 3). 

The years 2020 and 2021 showed the highest number of studies 
published, namely 33 for each year (20%) (Norder et al., 2020; 
Xi et al., 2021; Abd & Hazem 2020; Magolan and Halls 2020; 
Dang et al., 2021; Zhu et al., 2021; Gray et al., 2021; Ren et al., 
2020; Zheng et al., 2020; Xi et al., 2021) representing 40% of the 
papers in only two of the 12 years analyzed. An overall discussion 
identified increased publications in 2019, 2020, and 2021. 

On the contrary, 2011 was the year with the lowest number of 
published works, with just two studies (1%) (Broich et al., 2011; 
Lyons, Phinn, and Roelfsema 2011) followed by 2012 with three 
papers (2%) (Gil et al., 2012; Hamylton and East 2012), 2010 
with four articles (2%) (Chang et al., 2010; Vassilakis 2010; Wang 
et al., 2010; Berberoǧlu et al., 2010); 2014 with five studies 
(3%) (Rapinel et al., 2014; Palacio-Aponte 2014; Du et al., 2014; 
Dusseux et al., 2014); 2015 with six papers (4%) (Tran, Tran, and 
Kervyn, 2015; Sanchez et al., 2015; Marlier et al., 2015; Singh, 
Engelbrecht, and Kemp 2015; Shapiro et al., 2015) and 2013 
with seven studies (4%) (Chen et al., 2013; Cardoso et al., 2013; 
Cao and Gao 2013; Kaiser et al., 2013; Zhang et al., 2013; Welch 
et al., 2013). In 2019, 24 studies (14%) were published (Hou 
and Hou 2019; Austin et al., 2019; Villarreal et al., 2019; Saikia 
et al., 2019; Worrall et al., 2019; Tran et al., 2019; Liu and Hu 

2019; Li et al., 2019; Zhao et al., 2019; Schubert et al., 2019; 
Fauzi et al., 2019; Xu et al., 2019; Oliveira et al., 2019; Ding 
et al., 2019; Matlhodi et al., 2019; Révillion, Attoumane, and 
Herbreteau 2019; Meilianda et al., 2019; Pelage et al., 2019; 
Ma et al., 2019; Nguyen et al., 2019; Ibarrola-Ulzurrun et al., 
2019; Abdullah et al., 2019) followed by 2017 with 15 papers 
(9%) (Qiu et al., 2017). In 2016 and 2022 (until June 30th), 12 
articles were published each year (7% each year) (Alom, Paque, 
and Maertens 2022; Wu et al., 2022; Nguyen et al., 2022; Zhao 
et al., 2022; Gameiro et al., 2022; Caballero et al., 2022; Roy et 
al., 2022; Brown et al., 2022; Morgan et al., 2022; Guo et al., 
2022; Hernández, Morell, and Armstrong 2022) and in 2018, 11 
studies (7%) were published (Bremer et al., 2018; Abdel-Hamid 
et al., 2018; Kefalas et al., 2018; Xu et al., 2018; Benítez, Mena, 
and Zurita-Arthos 2018; Lin et al., 2018; Sunwoo, Nguyen, and 
Choi 2018; Filipponi et al., 2018; Xu 2018).

3.2 Journals

Analyzing the journal publications statistics can provide valuable 
insights into the quality and impact of research being published 
in a particular journal, as well as trends over time, and can help 
inform decisions about resource allocation.

The “Remote Sensing Journal” published most publications 
on these selected topics (Figure 4). Forty-five papers (26%) 
were published in this open-access journal (Chen et al., 2022; 
Magolan and Halls 2020; Zhu et al., 2021; Gray et al., 2021; 
Ding et al., 2017; Tu et al., 2021; Peng et al., 2021; Elmahdy, 
Mohamed, and Ali 2020; Salgueiro, Marcello, and Vilaplana 
2021; Wu et al., 2022; Muro et al., 2016; Vassilakis 2010; 
Tran, Tran, and Kervyn 2015; Hilgendorf et al., 2021). Numerous 
factors may have contributed, such as the (1) main focus on 
the RS topic; (2) the high journal rank and Impact Factor; (3) 

Figure 3. Distribution of the articles across the years (n=167).
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the noteworthy visibility in several databases (e.g., Scopus, Web 
of Science, Ei Compendex, PubAg, GeoRef, Astrophysics Data 
System, etc.); and (4) open-access for readers; amongst other 
factors of author’s interests. 

The “Sustainability Journal” has published 12 papers (7%) 
(Kefalas et al., 2018; Abdel-Hamid et al., 2018; Ren et al., 
2020; Zheng et al., 2020; Xi et al., 2021; Schubert et al., 
2019; Ballanti et al., 2017; Eshetu Yirsaw et al., 2017; Xu 
et al., 2016; Newman et al., 2020; Matlhodi et al., 2019). The 
“Land Journal”, the “International Journal of Geo-Information”, 
and the “Environmental Research Letters Journal” published six 
papers each (Benítez, Mena, and Zurita-Arthos 2018; Hou and 
Hou 2019; Broich et al., 2011), representing 3% of the total.

Figure 4. Distribution according to the journals where the papers analyzed were 
published (n=167) (top 5 highlighted).

The other 58% included journals such as the “Journal of Applied 
Remote Sensing”, “PLOS One”, “IEEE Access”, and “Remote 

Figure 5. The geographical location of the analyzed studies. About 47% of all articles analyzed (n=167) have a study area in Asia, followed by Europe and 
America (16% each continent) and Africa (8%).

Sensing of Environment”, with 2% each. In addition, the 
“Applied Ecology” and “Environmental, Ecology and Society”, 
“Forest and Society”, “Island Studies Journal”, and the “South 
African Journal of Geomatics” represent 1% of the total. 

3.3 Geographic Location 

The 167 studies selected were distributed over six continents 
(Figure 5). Eighteen studies (11%) were conducted in North 
America, and nine studies (5%) in South America (Conti, de 
Araújo, and Cunha-Lignon 2016; Xu 2018; Chen, Ming, and 
Menenti 2020; Bremer et al., 2018; Cherrington et al., 2020; 
Hernández, Morell, and Armstrong 2022; Morgan et al., 2022; 
Mccarthy et al., 2020). Fourteen studies (8%) were conducted 
in Africa (Ramjeawon et al., 2020; Zanvo et al., 2021; Matlhodi 
et al., 2019; Singh, Engelbrecht, and Kemp 2015; Hamylton and 
East 2012; Eid et al., 2020), 28 studies (17%) in Europe (Tassi 
and Gil 2020; Wicki and Parlow 2017; Xie and Niculescu 2021; 
Dusseux et al., 2014; Ibarrola-Ulzurrun et al., 2019; Giza et al., 
2021), 80 studies (48%) in Asia (Zhang et al., 2013; Guan et al., 
2020; Meilianda et al., 2019; Ma et al., 2019), six studies (4%) 
in Oceania (Bell and Callow 2020; Lymburner et al., 2020; Zhu 
et al., 2021; Chamberlain, Phinn, and Possingham 2020; Lyons, 
Phinn, and Roelfsema 2011; Delevaux and Stamoulis 2022), 
and 12 studies (7%) have more than one study area (Bhatia 
and Cumming 2020; Hou and Hou 2019; Norder et al., 2020; 
Villarreal et al., 2019).
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The studies covered more than 40 countries (Figure 6), such 
as Brazil (Pelage et al., 2019), Portugal (Tassi and Gil 2020), 
Mexico (Palacio-Aponte 2014), Tanzania, and Mozambique 
(Ferreira et al., 2012), among many others. China showcases 
the highest number of studies with 39 papers (23%) of the total 
(Hua et al., 2017; Chen et al., 2022) followed by the United 
States of America with 13 studies (7%) (Bremer et al., 2018; 
Villarreal et al., 2019), Vietnam with 11 studies (6%) (Tran 
et al., 2019; Nong et al., 2021), Portugal with ten studies (7%), 
and Indonesia with nine studies (5%).

3.4 Time Range

Time series analysis in RS refers to techniques and methods 
for extracting information about the landscape characterized by 
spectral and temporal variations. These are frequently applied 
to individual pixels independently (i.e., no interaction between 
pixels) (Rembold et al., 2015).  Times series satellite imagery 
is utilized in diverse ways to monitor LULC dynamics. Given the 
availability of a diverse collection of satellite datasets (detailed 
in section 3.7 of this article), the frequency and length of time 
series analysis on papers that used RS approaches are being 
increased to identify, understand the triggers, and calculate 
damages and impacts (e.g., environmental and socioeconomic 
impacts) (Chen et al., 2021; Hasan et al., 2019). 

Time series data is essential for several reasons. First, it allows 
researchers to identify patterns and trends in the data that may 

not be apparent from a single image. For example, changes in 
vegetation may only be evident over time as plants grow and 
mature (Huete et al., 2002). Second, time series data can help 
researchers understand how the Earth’s surface changes over time 
due to natural or human-induced factors, such as climate change 
or LULC (Thapa 2022). Finally, time series data can be used to 
develop models predicting future changes (El-Hamid et al., 2022), 
which can be valuable for planning and management purposes. 

In terms of the time range, 62 studies (37%) have analyzed more 
than 20 years (Figure 7) (Magolan and Halls 2020). It is critical 
to highlight the positive impact of the Landsat Mission (1970 to 
the present) and the data-free availability since 2008 (Abdel-
Hamid et al., 2018) which consists of a relevant contribution 
to analyzing time series using RS approaches (Hemati et al., 
2021).

Among the analyzed studies, 45 papers (27%) examined a time 
spanning 10 to 20 years (Alom, Paque, and Maertens 2022). 
Additionally, 15 studies (9%) investigated imagery covering 5 to 
10 years (Tran et al., 2019) while 18 studies (11%) analyzed a 
time frame of one to 5 years (Rapinel et al., 2014). Finally, 16 
studies (10%) focused on one year or less imagery (Qiu et al., 
2017) and 11 studies (6%) did not mention the time range and/
or the date of the satellite imagery used (Elhag and Boteva 2020). 
The duration of the time frame analyzed by each study varied, 
providing valuable insights into changes that occurred over time.

Figure 6. Map of the spatial distribution of study areas at the country level.
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Figure 7. Overview of the time range analyzed in LULC change papers focused on small 
oceanic islands and/or coastal areas (n=167).

3.5 Data Source 

Identifying and informing on the availability of data sources 
used in RS studies focused on LULC change in coastal areas 
and oceanic islands is essential to assess and compare their 
effectiveness and reliability.

The most used data source was satellite imagery (Figure 8). 
This data was applied in 128 studies (77%). This data source 
includes different data types (e.g., Multispectral, SAR, LiDAR) 
and sensors (e.g., Landsat 8, Sentinel-2, Worldview-2) which will 
be described in topics 3.6 and 3.7 of this paper. The historical 
data was used in 33 studies, representing 20% of the papers 
analyzed. The historical data consists mainly of land cover 
datasets (e.g., NOAA C-CAP land cover, Corine land cover) 
(Ferrarini, Gustin, and Celada 2021; Grybas, Congalton, and 
Howard 2020). In situ data was applied in 32 papers (19%). 
This data source consists of field measurements (Zhang et al., 
2013; Magolan and Halls 2020; Tran et al., 2019; Muro et al., 
2016; Kaiser et al., 2013) and questionnaires to the community 
or stakeholders (Nong et al., 2021).  The Digital Elevation 
Model (DEM) was used in 12 studies (7%) (Yirsaw et al., 2016; 
Ballanti et al., 2017; Oliveira et al., 2019; Dang et al., 2020; 
Eid et al., 2020; Oliveira, Disperati, and Alves 2021). Different 
DEM types were applied in those studies (e.g., Shuttle Radar 
Topography Mission (SRTM), Advanced Land Observing Satellite 
(ALOS), ASTER). The aerial photographs were used in six articles 
(4%) (Magolan and Halls 2020; Raynolds and Walker 2016; 
Ballanti et al., 2017; Giza et al., 2021; Berberoǧlu et al., 2010; 
Hamylton and East 2012). This data type was mainly applied to 
mapping land cover transitions. 

Figure 8. Distribution according to the data source used on the papers analyzed (top 
5 highlighted).

3.6 Data Type 

The data type consists of a relevant parameter in RS analysis 
since different types of data have different characteristics, which 
can affect the results and conclusions of the research. The 
multispectral data captures information about the reflectance of 
different wavelengths of light, which can be used to identify and 
classify different land cover types (Acción, Argüello, and Heras 
2021). The radar data can be used for vegetation mapping by 
measuring the backscatter of radar signals from vegetation. The 
SAR data was recently made widely available after the Sentinel-1 
launch and the open data policy by the European Space Agency 
(ESA) in 2014. The LiDAR data uses laser pulses to create highly 
detailed 3D maps of the Earth’s surface, which can be used for 
terrain modeling, vegetation mapping, and other applications 
(Lopac et al., 2022). The UAVs offer low-cost and swift data 
collection at a local scale, with the advantage of being fitted 
with cameras of very high spatial resolution (Elamin and El-
Rabbany 2022).

The information on data type used in an RS study can help 
researchers understand the limitations and strengths of the 
data and methods used. It can also help other researchers 
replicate or build upon the study’s findings and ensure that the 
appropriate data processing and analysis techniques are used 
to extract meaningful information from the data. 

The multispectral data was used in 129 articles (77% of the 
total) (Hua et al., 2017; Magolan and Halls 2020) (Figure 9). 
There are strong reasons that may have supported this option, 
namely (1) the straightforward visual interpretation of the data 
acquired in the visible mode (Pirowski, Szypuła, and Marciak 
2022); (2) the large number of multispectral sensors operating 
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over the entire world since the 1970s (Lambin 2001); (3) the 
vast number of multispectral sensors with open access data. 
The combined use of multispectral and LiDAR data was used 
in five articles (3%) (Ballanti et al., 2017; Gray et al., 2021; 
Kefalas et al., 2018; Hilgendorf et al., 2021; Lymburner 
et al., 2020). The combination of multispectral and SAR data 
occurred in five papers (3%) (Abdel-Hamid et al., 2018; Tu et 
al., 2021; Muro et al., 2016; Howison et al., 2018; Dusseux 
et al., 2014), although only three papers (2%) used SAR data 
exclusively (Meilianda et al., 2019; Chen, Ming, and Menenti 
2020; Li et al., 2021). Four articles (2%) used other data types 
of combinations (e.g., Multispectral, LiDAR, and UAV (Gray et al., 
2021) and Multispectral and UAV (Miranda et al., 2020; Bremer 
et al., 2018). Twenty-one papers (13%) did not mention the 
data type, or the analysis was based on LULC maps and aerial 
photographs, among others, as mentioned in topic 3.5 of this 
paper. 

Figure 9. Distribution according to the data type used on the papers analyzed.

3.7 Sensors 

The assessment of sensors used in the examined literature 
reveals a diverse spectrum of instruments and missions. 
Generally, sensors are classified as active (e.g., LiDAR and 
SAR) or passive (multispectral). In contrast to active sensors, 
passive RS sensors do not have their own energy source and 
do not produce radiation. Furthermore, passive sensors detect 
solar radiation reflected by items on the Earth’s surface, such 
as vegetation (Kacic and Kuenzer 2022). The radiation being 
monitored is frequently detected in wavelengths ranging from 
visible light to shortwave infrared. Furthermore, passive sensors 
are susceptible to atmospheric factors (e.g., clouds), whereas 
active sensors emit radiation that is assessed again once an 
item returns. Active radar sensors in the X-band (2.5 to 3.75 cm 

wavelength), C-band (5.43 to 5.66 cm wavelength), L-band (20 
to 60 cm wavelength), and P-band (60 to 120 cm wavelength) 
are relatively immune to atmospheric effects. LiDAR sensors, 
on the other hand, cannot penetrate clouds because they emit 
green or near-infrared light (Kacic and Kuenzer 2022). 

The Landsat 5 data was included in 79 publications (47%) and 
is the most often used sensor (Figure 10) (Palacio-Aponte 2014; 
Villarreal et al., 2019; Ferreira et al., 2012). Landsat 8 was used 
in 58 publications (35%) (Benítez, Mena, and Zurita-Arthos 
2018; Chamberlain, Phinn, and Possingham 2020; Caballero 
et al., 2022), Landsat 7 was used in 47 studies (28%) (Bhanage, 
Lee 2020; Hafyani et al., 2020; Wu et al., 2020), Sentinel-2 in 
18 publications (11%) (Brown et al., 2022; Dang et al., 2020; 
Oliveira, Disperati, and Alves 2021; Davis and Douglass 2021; 
Nguyen et al., 2020; Haris et al., 2021), WorldView-2 in 12 papers 
(7%). 

Figure 10. Overview of the different RS sensors used in the reviewed articles (top 5 
highlighted).

A strong dominance of multispectral sensors (about 77% of all 
integrated sensors) is emphasized by the fact that sensors from 
the Landsat mission contribute to about 54% (91 papers) of the 
total number of selected articles (n = 167), namely by taking 
advantage of the continuous time-series from Landsat sensors 
(1972-onwards), provided by the Landsat archive since 2008 
(USGS 2018; Woodcock et al., 2008). These datasets acquired 
from Landsat 1 to Landsat 9 have allowed researchers to study 
changes in land surface dynamics at a unique temporal scale 
and medium spatial resolution. Very high spatial resolution RS 
datasets comprise mainly commercial multispectral sensors, 
including WorldView-2. 
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3.8 Remote Sensing-based Approach 

The RS-based approach analysis in the evaluated publications 
reveals a diverse set of methodological approaches employed 
(225 in total). The Vegetation Indices (VI), especially the 
Normalized Difference Vegetation Index (NDVI), have been 
widely used for assessing and monitoring vegetation. NDVI 
was used in 44 (26%) of the 167 studies analyzed (Figure 
11) (Zhao et al., 2022; Ren et al., 2020; Chen et al., 2022; 
Grybas, Congalton, and Howard 2020). This index uses the 
red channel information (radiances or reflectances), the most 
substantial chlorophyll absorption region. In contrast, the near-
infrared channel is located in the higher reflectance plateau of 
vegetation canopies (Gao 1996).  

Figure 11. Distribution according to the approach used on the papers analyzed (top 5 
highlighted).

The Normalized Difference Water Index (NDWI) is a vegetation 
index that assesses the leaf water content at the canopy level. 
This approach was used in 10 papers (6%) (Grybas, Congalton, 
and Howard 2020; Kefalas et al., 2018; Dang et al., 2021; Chen 
et al., 2022; Xu et al., 2018; Zhao et al., 2021; Yasir et al., 2020; 
Davis and Douglass 2021; Abdullah et al., 2019; Xu 2018). 

Object-Based Classification (OBC) was applied in six studies (4%) 
(Xie and Niculescu 2021). The OBC approach uses an image 
segmentation algorithm to group pixels with similar spectral 
characteristics into homogeneous image objects, which are then 
classified individually (Desheng and Xia 2010). 

The Principal Component Analysis (PCA) is used for data 
compression, feature extraction, and image enhancement. PCA 

is a statistical method that can reduce the dimensionality of 
datasets without losing important information. It achieves this by 
creating new uncorrelated variables, called principal components, 
which are ordered to capture the most variance in the original data 
(Jolliffe and Cadima 2016; Machidon et al., 2020). The PCA was 
applied in four studies (2%) of the total (Xu et al., 2019). The Soil-
Adjusted Vegetation Index (SAVI) is an RS approach that enables 
the measurement of vegetation density while reducing the impact 
of soil background reflectance. Unlike the widely used NDVI, which 
can be influenced by changes in background reflectance, SAVI 
incorporates a soil adjustment factor into its formula to provide a 
more accurate estimate of vegetation density (Huete 1988). This 
approach was applied in four papers representing 2% of the total.

3.9 Data Processing Algorithms 

RS algorithms provide a way to automate the processing and 
analysis of RS data, allowing researchers to extract information 
rapidly and accurately about the Earth’s surface, such as LULC 
patterns, vegetation health, water quality, and more. Without 
algorithms, processing and analyzing RS data would be a time-
consuming task that could potentially lose important information 
(Zhang et al., 2023; Valdivieso-Ros, Alonso-Sarria, and Gomariz-
Castillo 2023). Algorithms can help standardize RS data analysis, 
making comparing data collected by different sensors and at 
different times easier. This standardization is important for 
monitoring changes in the Earth’s surface over time, such as LULC 
changes, deforestation, and climate change impacts which is, 
in general, the focus of this review paper (Zhang et al., 2023; 
Valdivieso-Ros, Alonso-Sarria, and Gomariz-Castillo 2023). 

Figure 12. Distribution according to the algorithms used on the papers analyzed 
(n=167) (top 5 highlighted).
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The Maximum Likelihood Classifier Algorithm (MLCA) was applied 
in 10% of the studies (Figure 12) (Rahman 2016; Dang et al., 
2021; Nong et al., 2021; Rapinel et al., 2014). MLCA is based 
on the statistics for each class in each band and is normally 
distributed to calculate the probability that a given pixel belongs 
to a specific class (Ahmad, Quegan, and Quegan 2012).

RF is a statistical algorithm that Breiman first proposed in 2001 
(Breiman 2001) to solve classification and regression problems. This 
algorithm is widely applied in LULC analyses (Gray et al., 2021; Tu et 
al., 2021; Dang et al., 2020; Abdel-Hamid et al., 2018; Peng et al., 
2021; Chen et al., 2022; Zhao et al., 2021; Ramjeawon et al., 2020; 
Abdullah et al., 2019; Xie and Niculescu 2021) and was used in 16 
studies (10%). RF principle consists of combining a large number of 
regression trees and applying sequentially from the root to the tree’s 
leaves (Bu et al., 2022; Breiman 2001). 

The SVM is based on statistics normally distributed for each 
class in each band and computes the likelihood that a given 
pixel belongs to a specific class (Pal and Mather 2005). The 
SVM was applied in 12 studies, representing 7% of the analyzed 
papers (Ballanti et al., 2017; Abdel-Hamid et al., 2018; Gray 
et al., 2021; Elmahdy, Mohamed, and Ali 2020; Lin et al., 2018; 
Ramjeawon et al., 2020; Dang et al., 2020; Morgan et al., 2022; 
Miranda et al., 2020). 

The Iterative Self-Organizing Data Analysis Technique Algorithm 
(ISODATA) was applied in six papers (4%) (Rahman 2016; 
Sunwoo, Nguyen, and Choi 2018; Ma et al., 2019; El-Hattab 
2016). This algorithm is one of the most popular variants of the 
K-means clustering algorithm. In this unsupervised classification, 
class means are calculated and dispersed evenly throughout the 

data, and the remaining pixels are iteratively clustered using 
minimum distance methods (Zhang et al., 2021). 

Convolutional Neural Networks (CNNs) involve analyzing data 
collected from satellites or other remote sensors (e.g., UAV). 
CNNs have shown great promise in various RS applications, 
such as land use classification, vegetation monitoring, and 
object detection (Kattenborn, Eichel, and Fassnacht 2019; 
Guerrero et al., 2022). The CNNs were applied in three papers, 
representing 2% of the total (Gray et al., 2021).

3.10 Accuracy Assessment Approach 

RS is an instrumental approach for monitoring changes in 
LULC over time. Nevertheless, the accuracy of the classification 
method must be assessed to assess whether the reported 
changes are real or just classification errors (Foody 2002). 
Comparisons are challenging because the accuracy of LULC 
categorization methodologies employed in one research may 
differ from that utilized in another. It is critical to understand the 
accuracy of the categorization system used when comparing the 
findings of different investigations (Foody 2002). To standardize 
the understanding of the different accuracy assessment 
approaches identified in this literature review process, the 
quantitative accuracy values resulting from applying different 
accuracy methods mentioned in the papers analyzed were 
classified as (1) low agreement; (2) moderate agreement; (3) 
good agreement, (4) excellent agreement and (5) almost perfect 
agreement. The parameters to classify the values in these 
categories were based on the methods’ accuracy classification 
(Shivakumar and Rajashekararadhya 2018; Richards 2013; 
Okwuashi et al., 2012) and synthesized in Table 3.

Accuracy Method
Low

agreement
Moderate agreement

Good
agreement

Excellent
agreement

Almost
perfect

agreement

Kappa Index Below 0.4 0.41 – 0.60 0.61 – 0.75 0.76 – 0.80 0.81 and above

Overall

Accuracy

Below 40% 41% - 60% 61% - 75% 76% - 80% Above 80%
User’s

Accuracy

Producer’s

Accuracy

 

Table 3. Accuracy assessment approach classification.
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From the total of papers (n=167), 103 studies (62%) applied an 
accuracy assessment approach, and 64 papers (38%) did not 
mention any accuracy assessment approach (Figure 13).

The Kappa Index (KI) was used in 65 studies (39%) (Hafyani 
et al., 2020; Gevana et al., 2015; Chen et al., 2020; Révillion, 
Attoumane, and Herbreteau 2019; Zanvo et al., 2021; Ma et al., 
2019; Nguyen et al., 2019; Abdullah et al., 2019; Hong, Avtar, 
and Fujii 2019; Dewi and Bijker 2020; Abijith and Saravanan 
2021) (Figure 13). The KI is a statistical measure of the extent 
to which two or more raters or observers agree in their judgments 
or evaluations of a given target. The KI considers the agreement 
expected by chance and provides a value ranging from 0 to 1, 
with higher values indicating greater agreement (Wang, Hu, and 
Feng 2022; Cohen 1960). The formula for calculating the KI, 
also known as Cohen’s kappa, is as follows:

where Po corresponds to the proportion of observed agreement 
between raters and Pe to the proportion of expected agreement 
between raters by chance alone (Cohen 1960). The KI was 
calculated 94 times on the 65 papers that used this method. 
From the 94 assessment procedures, the KI showed an almost 
perfect agreement in 57 (61%), an excellent agreement in 21 
(22%), and a good agreement in 12 (13%). Moderate agreement 
corresponds to 3%, and low agreement to 1% (Figure 14).

The total accuracy of a classification model can be evaluated 
by a metric known as Overall Accuracy (OA), which was used 
in 85 studies (51%) of the total (Figure 13). The OA expresses 
the proportion of correctly classified cases out of all cases 

Figure 14. Overview of the Kappa Index accuracy assessment results (n=94).

and is frequently utilized in assessing the performance of 
LULC classification models, image processing, and RS-based 
procedures (Congalton 1991). The OA was calculated 129 
times on the 85 papers that used this approach. From the 
129 assessment procedures, the OA showed an almost perfect 
agreement in 102 (79%), an excellent agreement in 16 
proceedings (12%), and a good agreement in eight of them 
(6%). Moderate agreements were not identified using OA, and 
the low agreement corresponds to 2% (Figure 15).

The User’s Accuracy (UA) was applied in 40 studies (24%) of 
the total (Figure 13). The approach measures the accuracy of 
a classification model that reflects the proportion of correctly 
classified samples in each class out of the total number of 
samples classified in that class (Patel and Kaushal 2010). In RS 
applications, the UA approach is particularly useful in identifying 
areas of commission errors where a pixel or sample is incorrectly 
classified as belonging to a certain class. By quantifying the 

Figure 13. Accuracy assessment approach (n=167).
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proportion of samples that are incorrectly classified in each 
class, the UA approach can help improve the accuracy of 
classification models and reduce the likelihood of errors in 
decision-making based on the results (Patel and Kaushal 2010). 
The UA was calculated 54 times on the 40 papers that used 
this approach. From the 54 assessment procedures, the UA 
showed an almost perfect agreement in 42 (78%), an excellent 
agreement in seven procedures (13%), and a good agreement 
in five of them (9%). Moderate and low agreements were not 
identified using UA (Figure 16).

Figure 15. Overview of the Overall Accuracy assessment results (n=129).

Figure 16. Overview of the User’s Accuracy assessment results (n=54).

The Producer’s Accuracy (PA) was applied in 40 studies (24%) 
of the total (Figure 13). The PA is a statistical metric used in 
RS and image classification that measures the proportion of 
correctly classified pixels of a specific land cover class in relation 
to the total number of pixels in that class. The PA approach 
measures the reliability of a classification algorithm or model in 
correctly identifying a particular land cover class (Rwanga and 
Ndambuki 2017; Congalton 1991). The PA was calculated 54 
times on the 40 papers that used this approach. From the 54 
procedures, the PA showed an almost perfect agreement in 38 
(70%), an excellent agreement in nine assessments (17%), and 
a good agreement in seven of them (13%). Moderate and low 
agreements were not identified using PA (Figure 17).

Figure 17. Overview of the Producer’s Accuracy assessment results (n=54).

3.11 Spatial Resolution

Spatial resolution is an essential factor in RS-based analysis 
because it determines the level of detail that can be extracted 
from an image. The spatial resolution consists of the 
measurement of an object by a satellite. This measurement 
occurs on a geographical area on the ground and refers to the 
size of each pixel in the image or the area on the ground that 
each pixel represents. Images with higher spatial resolution have 
smaller pixels and can capture more detailed information about 
the Earth’s surface, while images with lower spatial resolution 
have larger pixels and provide a more generalized landscape 
view.
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Most of the work analyzed in this research (69%) used data 
with a resolution of 30 meters (Figure 19), which represents 
116 articles (Li et al., 2019; Zhao et al., 2019; Tran, Tran, and 
Kervyn 2015; Zareie et al., 2016). It is mainly due to Landsat 
data, which also provides panchromatic data with a spatial 
resolution of 15 meters, which has been used in 32 articles 
(19%) (Hernández, Morell, and Armstrong 2022; Pervez et al., 
2016; Dewi and Bijker 2020; Elmahdy, Mohamed, and Ali 2020). 
Twenty-eight articles (17%) used 10 meters of spatial resolution 
RS data (e.g., Sentinel-1, Sentinel-2) (Tu et al., 2021; Muro 
et al., 2016). Only 11 papers (7%) used RS data with a very 
high spatial resolution – 2 meters or higher (e.g., QuickBird 2, 
WorldView-2) (Vassilakis 2010; Rapinel et al., 2014; Schubert 
et al., 2019; Lyons, Phinn, and Roelfsema 2011), and eight 
articles (5%) used data with 20 meters of spatial resolution 
(Wang et al., 2016; Davis and Douglass 2021; Wang et al., 
2016).

Figure 19. Distribution according to the spatial resolution of the RS data used on the 
papers analyzed (top 5 highlighted).

4. CONCLUSIONS 

This review covered the 167 open-access articles published 
from January 2010 to June 2022 on remote sensing-based 
LULC change detection in islands and/or coastal areas. To the 
best of our knowledge, this is the first review paper focused 
on this specific and relevant topic. As an overall conclusion, 
this systematic literature review has revealed several important 
insights. The number of studies published varied over the years 
without an apparent pattern or trend, but it was possible to 

note a considerable increase from 2019 to June 2022. The 
“Remote Sensing Journal” published most of the studies on this 
topic and the geographic location of the study areas showed 
that the continent with more case studies was Asia, with China 
being the most productive country in this field. The time range 
parameter showed that most papers analyzed more than 20 
years of time span and regarding data sources, satellite imagery 
was used in most papers analyzed in this review. It is essential 
to consider the relevance of the historical data (e.g., land cover 
maps) in this analysis. This data source was mighty used and 
is relevant because it provides a baseline for understanding 
changes in LULC over time. By analyzing historical data, we can 
identify trends and patterns and evaluate the effectiveness of 
land management practices and policies. The multispectral 
data were extensively used in the analyzed papers. In contrast 
to multispectral data, the SAR data was hardly used. The SAR 
data can penetrate the clouds and measure the canopy trees, 
which is relevant for small oceanic islands because these areas 
face intense and recurrent cloud cover scenarios. Therefore, 
SAR data constitutes a high potential data type for LULC CD 
in oceanic islands and can be intensively explored in future 
studies. The most used sensors were from the Landsat Mission. 
This mission has provided open data acquired over half a century 
and supports this field’s most robust time series analysis. The 
NDVI was the most used remote sensing-based methodological. 
Regarding data processing algorithms, the MLCA and the RF are 
the ones the research community is putting more effort into. On 
the other hand, OA is the most applied accuracy assessment 
approach in this field. Most studies used RS data with 30 meters 
or higher spatial resolution. As oceanic islands are usually 
small territories, higher spatial resolution data can better 
distinguish between different LULC classes and consequently 
improve change detection. The main constraints identified in 
the analyzed papers include the non-existence of information 
in several articles regarding spatial resolution and the cloud 
coverage percentage of the RS data. Furthermore, most papers 
do not clarify which RS data preprocessing procedures were 
developed, namely atmospheric corrections. These parameters 
are critical and directly impact the accuracy and reliability of 
the results. They provide essential contextual information for the 
optimal use and interpretation of RS data, especially in insular 
contexts where the landscape and environmental conditions 
can be highly variable and complex, and LULC change can 
occur rapidly. This literature review has contributed to a deeper 
understanding of the complex remote sensing-based procedures 
used to detect LULC changes in coastal and insular areas. The 
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results of this review may have relevant implications in future 
studies in this field, as they clearly indicate the current leading 
practices and information gaps in these procedures, allowing 
for novel approaches to be developed, namely methodological 
frameworks using multi-sensor data (e.g., SAR, LiDAR, UAV) and 
Machine Learning-based data processing techniques to improve 
the accuracy and reliability of LULC change monitoring. These 
advanced approaches may provide more detailed, updated, 
and accurate information on LULC change, which is essential 
for supporting cost-effective decision-making and policy 
development. 
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