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Abstract

The devastating consequences of landslides demand rigorous assessment and effective management
strategies to minimise risks. In this context, landslide detection and monitoring are crucial in
identifying potential hazards and implementing proactive mitigation measures. This study uses the
Scopus database to present a bibliometric analysis of 1,112 peer-reviewed journal articles on
landslide detection and monitoring techniques published between 2002 and 2022. The analysis reveals
a remarkable surge in publications, from 4 in 2002 to 180 in 2022, with the last five years (2018-2022)
accounting for over 60% of the total publications. Over 3,259 unique researchers from 75 countries
contributed to this field, with a significant portion originating from Asia, Europe, and North
America. China and Italy emerged as the leading countries, producing over half of the articles. Nicola
Casagli, from Italy, authored the most publications and garnered the highest number of citations.
Remote Sensing emerged as the most preferred journal for authors, while Landslides garnered the
highest total citations, and Geomorphology has the most normalised citations per article. The Chinese
Academy of Sciences, China University of Geosciences, and the University of Florence in Italy were
the most productive research institutions. The Natural Science Foundation of China (NSFC) emerged
as the top funding agency. “Landslide”, “landslide monitoring”, and “early warning systems” were
the top three most frequently used keywords. Keyword analysis identified landslide detection and
monitoring advancements in remote sensing, analytical methods, and in-situ techniques. Co-
occurrence analysis of trending research terms highlighted three distinct thematic clusters: remotely
sensed data with machine learning and image analysis for landslide detection, field instrumentation
for continuous deformation monitoring, and development of early warning systems for landslide
hazard assessment and mitigation.
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Introduction

Landslides, defined as the movement of rocks,
debris or earthflow down a slope under gravity, have
affected human life and environment (DM, 1996;
Fell et al., 2008; Guzzetti et al., 2012). Triggered by
nature or human activities, landslides have resulted
in significant loss of life and infrastructure on
a global scale. For instance, between 2004 and 2016,
approximately 55,997 lives were lost in 4,862
different landslide events worldwide (Froude
and Petley, 2018). Regarding economic losses,
landslides have claimed USD 20 billion per year
from 1980-2013, constituting 17% of the total
global disaster losses (Klose, 2015). Since many
countries are affected by landslide geohazards, their
assessment and management are crucial for
preventing and controlling the casualties and
economic losses.

Landslide detection and monitoring are crucial
steps in landslide risk assessment and management.
Landslide detection involves collecting data and
information on landslides’ presence, distribution,
and intensity and identifying elements affected by
the deformative process. Following detection,
measuring the movements and deformations over
time is essential. Therefore, landslide detection and
monitoring techniques refer to the methods and
tools employed to detect landslide areas and
measure their surface and sub-surface deformations
over time. Over the past three decades, landslide
research has significantly advanced. The initial
decade, from 1990 to 2000, focused primarily
on developing a theoretical and experimental
understanding of landslide dynamics (Carrién-Mero
et al., 2021). Research findings from the past two
decades have documented substantial advancements
in applying the latest technology to assess
and manage landslide hazards effectively. For
instance, UAV technology (Walter et al., 2009),
interferometric  synthetic-aperture radar (Hilley
etal., 2004), laser scanning (Pieraccini et al., 2006),
and other remote sensing techniques (Kirschbaum
et al., 2015) are predominantly used in landslide
assessment, with their utilisation steadily increasing
since the 2000s due to ongoing technological
advancements (Casagli et al.,, 2023). These
advancements encompass the development of
algorithms (Crosetto et al., 2016) that considerably
enhance the quality of monitoring data, as well as
the launch of satellites with progressively higher
acquisition frequency and spatial resolution
(Casagli et al., 2017; Mondini et al., 2021).

Due to the complex nature of landslide hazards
and the vast array of available detection and
monitoring techniques, existing review papers

typically focus on a single method. For instance,
(Scaioni et al., 2014) presented an overview of
remote sensing techniques with fuzzy classification
based on their expertise, (Tehrani et al., 2022)
summarised and critically evaluated machine
learning algorithms recently used for landslide
detection and spatial and temporal forecasting
(Whiteley et al., 2019) appraised the state-of-the-art
geophysical monitoring, (Kumar, 2020) discussed
the applications of time domain reflectometry in
open-cast mines, and (Yadav et al., 2019) focused
on unifying WSN and loT technology for slope
monitoring. It is challenging for researchers to
evaluate the entire spectrum of landslide detection
and monitoring techniques in a review paper.
Bibliometric analysis can be a more effective tool to
comprehensively explore trending methods with
their respective performances, recently gaining
widespread attention in different research fields.
Bibliometric analysis is a widely used
approach for the scientific analysis of large datasets.
The recent surge in the popularity of bibliometric
analysis stems from advancements, accessibility,
and availability of digital databases and bibliometric
software such as Biblioshiny, Gephi, and
VOSviewer (Donthu et al., 2021). Due to the rapid

development of computers and the internet,
bibliometric analysis is attracting increasing
attention from researchers (Bar-llan, 2008).

By applying bibliometric analysis, one can uncover
advancements in a specific research field and
identify research directions and leading topics
(Wang et al., 2014a). Additionally, bibliometric
analysis aids in identifying research gaps within
a particular research area (Gall et al.,, 2015).
It can be a valuable tool for researchers and
institutions to explore collaborations and funding
opportunities in fields of interest. Moreover,
bibliometric analysis can help policymakers and
funding agencies make informed decisions
regarding fund allocation (Ugolini et al., 2015).
Despite  bibliometric analysis having gained
widespread application across various fields,
comprehensive studies on global landslide research
remain limited. Existing bibliometric studies focus
on the entire landslide literature rather than specific
detection and monitoring techniques. Gokceoglu
and Sezer (2009) analysed all types of landslide
papers published between 1945 and 2008, providing
an overview of publication trends, contributing
authors, and the most frequently used keywords.
Similarly, Wu et al. (2015) conducted a bibliometric
analysis of landslide research from 1991 to 2014,
summarising document type, language, research
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trends, scientific categories, journals, keyword
evolution, and collaboration networks. However,
these studies targeted the entire field of landslides
instead of focusing on specific detection and
monitoring techniques. Other studies like Sassa
et al. (2015) and Miko§ (2017) restricted their
studies to the research results published by the
journal Landslides and discussed the status and
ranking of the journal within the research field.
Similarly, Mikos (2018) studied 52 books published
by the International Consortium on Landslides,
emphasising metrics like views, downloads, and
citations. Likewise, Carrera et al. (2021) presented
a bibliometric analysis of landslide literature from
2000 to 2019 but restricted their study to Latin
America and covered the entire field of landslide
research. Carrién-Mero et al. (2021) investigated
the bibliometric characteristics of 632 documents
indexed in the Scopus database, with a bias towards
the intellectual structure of various landslides based
on the USGS classification. The latest study by
Huang et al. (2022) used a machine learning method
(LDA) for topic modelling in addition to
conventional bibliometrics. Although these works
offer valuable insights and contribute to advancing
knowledge within the field, their scope is often too
broad, resulting in a lack of specific focus on
landslide detection and monitoring techniques.

In summary, the current bibliometric analyses
of landslide research are limited and have certain
shortcomings, such as restricted geographical
locations specific to one journal, considering
the broader scope of landslide research and lack of
focus on the advancement of landslide detection
and monitoring techniques and their key players.
Moreover, these studies often include all types of
documents in their analysis, including review
papers. While review papers are valuable for
summarising the existing literature, journal articles
are considered the preferred source of novel
findings. Therefore, this study highlights the
advancement of landslide detection and monitoring
techniques over the past two decades, drawing
solely from peer-reviewed journal articles indexed
in the Scopus database.

This study aims to perform a bibliometric
analysis concentrating on techniques for detecting
and monitoring landslides, highlighting important
data sources, methodologies, and recent research
trends. Through the synthesis of existing information
and examination of emerging challenges, this
research contributes to the continual improvement
of our understanding of landslide monitoring
techniques. Bibliometric analysis, a potent
quantitative tool for assessing scientific literature,
is increasingly recognized across diverse research
domains (Donthu et al., 2021). The specific

objectives of this paper are: (1) to analyse
publication and citation trends on the advancement
of landslide detection and monitoring techniques
from 2002 to 2022, (2) to identify the leading
countries, authors, journals, institutions, and funding
organisations contributing to the development of
these techniques, (3) to explore collaborations
among authors and countries through co-authorship
analysis, and (4) to highlight the famous author
keywords and trending research terms used in these
articles. This study will guide researchers,
academicians, practitioners, and policymakers
in streamlining their future landslide hazard
assessment and management endeavours.

Materials and Methodology

Data Search and Collection Strategies

The data used for the analysis were
electronically retrieved from the Scopus database,
utilizing the latest available version up to October
2023. Scopus was selected due to its recent
advancements as a highly comprehensive online
repository for academic articles, surpassing
competitors like Web of Science and Google
Scholar in terms of regular updates and expansion
(Falagas et al., 2008; Kulkarni et al., 2009; Harzing
and Alakangas, 2016; Powell et al., 2017).

This study focused on investigating landslide
detection and monitoring techniques used and
enhanced during the period 2002-2022. To cover all
relevant publications, we started with a simple
keyword of “landslide monitoring” and added up
several possible terms turn by turn to search in
the titles, abstracts and keywords section of the
database. This process of deciding the initial search
query was finalised on September 16, 2023, with
thirteen terms, each enclosed in double quotation
marks and separated by the Boolean operator “OR”.
The search input used was: (TITLE-ABS-KEY
(“Landslide monitoring” OR “Landslide detection”
OR “Landslide early warning” OR “slope
monitoring” OR “Landslide monitoring system” OR
“Slope displacement monitoring” OR “Slope failure
monitoring” OR “Slope failure detection” OR
“Slope deformation monitoring” OR “Landslide
remote sensing” OR “Landslide sensor*” OR
“Rockfall monitoring” OR “Rockslide monitoring™)).

The above search string retrieved 3,043
documents published from 1973 to 2023. It is
required to apply certain exclusion criteria and filter
out the search string to get the most relevant
materials on any scientific database (Abbate et al.,
2023). The search string refinement was carried out
in four steps, as shown in Figure 1.
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Search query in Scopus Database on
Sep 16,2023

(TITLE-ABS-KEY ( “Landslide monitoring” OR "Landslide detection” OR "Landslide early warning" OR
"slope monitoring" OR "Landslide monitoring system" OR "Slope displacement monitoring” OR "Slope
failure monitering" OR "Slope failure detection” OR "Slope deformation monitoring” OR "Landslide
remote sensing" OR "Landslide sensor*" OR "Rockfall monitoring” OR "Rockslidemonitoring”))
=> 3,043 documents

<~

[ 1. Exclude 78 documents before 2002 and 239 after 2022, limiting scope to {2002 -2022) ]

=» 2,726 documents

< =

2.5elect only journal arficles at the final stageand published in the English language
=» 1,177 articles

~_~

3. Identify and exclude 58 potential review articles
= 1,119 articles

4. Bxclude 7 irrelevant arficles
=1,112 articles

Figure 1. Flowchart for data search and refinement
strategies

In Step 1, the EXCLUDE PUBYEAR
command was used to exclude documents published
before 2002 (78 documents) and during 2023 (242
documents), resulting in 2,723 documents published
during the last two decades.

It should be noted that we used “Exclude” for
all filters and found that there was a difference in
the number of documents when “Limit to”” was used.
Step 2, only articles as document type, journal as
source type, publication stage as final, and
published in English were selected. Most
researchers prefer articles because of their scientific
reliability and acceptance (Saravanan et al., 2022).
Review papers were not considered because they
aimed to summarise the existing literature and did
not present the original research results. Step 3,
Potential review articles were identified by terms
like “review”, “overview”, “state of the art”,
“comprehensive  analysis”, “critical review”,
“current perspectives”, “advances in the field”,
“progress reports”, “recent developments”, “state of
the discipline”, and “research trends” appearing in
the title of the papers. This identified 58 potential
review papers that were excluded with the help of
the Boolean operator “AND NOT”. In the last step,
seven irrelevant articles were identified by going
through articles titles and abstracts. These articles
were removed with the help of their electronic
identification numbers (EIDs) and using the “AND
NOT” operator in the search string. The exclusion
refinement of the search string avoids any bias

introduced by any review and irrelevant paper.
Finally, 1,112 peer-reviewed journal articles were
selected, and data comprising citation information,
bibliographical  information,  abstracts  and
keywords, funding details, and other information
were exported into a comma-separated values
(CSV) file for further analysis.

Bibliometric Mapping/Analytical Tools
and Methods/Data Analysis

The retrieved information in the CSV file was
reviewed and exported to a Microsoft Excel
spreadsheet for data reliability and analysis.
MS Office Excel 2019 was utilised to analyse
trends in the data, including annual publications,
citations, top authors, institutions, contributing
countries, journals, and funding organisations.
These results were then verified and further
elaborated by the VOSviewer software (version
1.6.19). VOSviewer is a Java-based tool known
for efficiently constructing and visualising
bibliometric networks (van Eck and Waltman,
2010). The VOSviewer co-authorship analysis helps
to understand the relationships between co-authored
publications, while the co-occurrence analysis
reveals the number of articles cited together
and published jointly (Leydesdorff et al., 2013).
A VOSviewer bibliometric network map consists of
several nodes and connecting lines with distinct
colours for each category (i.e., cluster). The node
size represents the number of publications for
different parameters (i.e., countries or journals),
while the number of lines emerging from a node
shows the number of connections. The thickness of
the lines, referred to as link strength, reflects the
strength of the connection based on the number of
documents involved. The VOSviewer software
generates clusters to represent sets of nodes that are
associated with related subjects.

The co-authorship analysis based on the unit of
country was performed to determine collaborations
among various countries. Out of the total 75
contributing countries, 67 related to at least one
article published collaboratively. The clusters were
based on the continents of the corresponding
countries to make a similar/better visual interpretation
of the global distribution map. In addition, the first
letter of the country's name was capitalised by
utilising the “PROPER” command in MS Excel.
For the co-authorship analysis of authors on
landslide detection and monitoring techniques,
a visual overlay map was created by setting
the threshold of a minimum of 1 document with
minimum citations of 0. Based on this criterion, only
673 authors were connected out of the total 3,259 in
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28 distinct clusters. It is important to note that, in the
CSV file extracted from the updated version of the
Scopus database, authors’ names were separated by
semicolon (;), and the VOSviewer cannot read it.
To make it readable for the VOSviewer, we replaced
the semicolon between the author's name and
a comma (,) in the author's column. Moreover,
the first letters of the second names and initials were
capitalised.

Keywords significantly improve the search
capability and accessibility of publications as they
offer essential connections to the publications
indexed in scientific databases. The VOSviewer
co-occurrence analysis of author keywords is
a powerful tool for knowledge extraction and
mining (Wang et al., 2021). The co-occurrence
analysis revealed that a total of 2,763 keywords
were used by authors in these articles. However,
194 author keywords were finalised for further
analysis after renaming the synonyms, removing
locations/countries’ names, and setting the threshold
of minimum occurrences of an author keyword to
3. Furthermore, we considered the most frequently
appearing 32 keywords for exploration of
technological developments in three distinct areas
of this field.

Results and Discussion

Annual Publications and Citations

The extracted data was organized
chronologically and presented in Figure 2 to find
publication growth rates from 2002 to 2022. One
thousand one hundred twelve peer-reviewed journal
articles focusing on landslide detection and
monitoring techniques were published during this
period. The two oldest articles on landslide
detection and monitoring research that appeared in
the database were published in 1973 (Franklin and
Denton, 1973; Norell, 1973). The global publication
trend is continuously increasing, with a minimum
of 4 and a maximum of 181 articles published in
2002 and 2022, respectively. The pattern indicates
a slower-growing trend in the initial decade, totaling
only 154 articles (14%), while the remaining 86%
of articles were published in the last decade.
Based on the data presented in the figure, only
47 papers were published in the first six years (2002
to 2007). However, Scientific interest experienced
a significant increase following the year 2007.
The number of annual publications increased
significantly between 2008 and 2017, ranging from
14 to 77 articles. Surprisingly, there has been
a notable increase in research output in this field,
with annual publications rising from 103 to 181
between 2018 and 2022. This increase constitutes

a substantial portion, precisely 60%, of total
publications recorded in the Scopus database from
2002 to 2022. This surge in research is often referred
to as a "blossom period", signifying a period of rapid
growth in scholarly publications (Ding and Yang,
2022).

Moreover, the consistent nonlinear rise in
the cumulative number of publications indicates that
the research interest is poised to keep growing in
the years ahead. According to Scopus data, landslide
detection and monitoring has become a prominent
research topic, especially in the last five years.
This growth can be attributed to factors like
improved laboratory facilities, the increased
availability of remote sensing data, advances in
sensor technology, better programming algorithms,
collaborative research efforts, increased scientific
impact, and the significant societal and
environmental benefits of this research (Okaiyeto
et al., 2020). The total number of citations serves as
a metric for measuring the academic achievement of
a research area, indicating its scientific impact and
accessibility to a broad community of scholars
(Shuaib et al., 2015; Omoregie et al., 2022). Figure
3 presents the total citations and normalized
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Figure 2. Number of articles on landslide detection
and monitoring techniques published
during 2002-2022 and indexed in the
Scopus database
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detection and monitoring techniques
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citations per article for the yearly published articles
from 2002-2022. These articles garnered a cumulative
citation of 25,796. Over the years, there has been
a fluctuating pattern in total citations, with occasional
ups and downs.

Articles published in 2018 recorded the most
citations (2,954), while publications of 2007
received the least number of citations (122). Table 1
provides further details, indicating that 1,017
articles have been cited at least once in the whole
period of study. This means that other publications
have referenced 91% of the total articles. In terms of
normalized citations, 2003 received the highest
value of 99, while 2022 had only five citations per
paper. This makes sense because it takes time for
articles to be cited after publication. Like total
citations, the h-index serves as a prominent metric
frequently employed for assessing scientific
productivity (Engqvist and Frommen, 2008). In this
study, the h-index for the selected articles stands

at 72. This means that out of the 1,112 articles,
72 had been cited at least 72 times, with the potential
for this number to increase over time (Sweileh et al.,
2016). Notably, the year 2018 marked the apex for
the h-index, registering at 33, while the years 2002
and 2007 exhibited the lowest h-index values, each
standing at 4.

Furthermore, Table 1 demonstrates the highest
cited article of each year and the total citations
received. The article (McKean and Roering, 2004),
with 441 citations, is the most cited article ever.
This article presented a novel approach to detecting
and mapping deep-seated landslides based on the
topographic roughness, assessed through statistical,
Laplacian, and spectral analyses of the DEM
(Digital Elevation Model). This approach helped
identify specific morphological zones within the
landslide complex and detect the relatively recent
activity.

Table 1. Total publications and citations on landslide detection and monitoring techniques during 2002-2022

Total Total Articles Cited

Citations

Year Publications  Citations h-Index (%) Highest cited paper of the year Received

2022 180 917 13 82 Landslide detection using deep learning and object-based image analysis 47
(Ghorbanzadeh et al., 2022)

2021 154 1,463 20 93 A comprehensive transferability evaluation of U-Net and ResU-Net for 56
landslide detection from Sentinel-2 data (Ghorbanzadeh et al., 2021)

2020 121 2,181 26 93 Landslide detection from an open satellite imagery and digital elevation 143
model dataset using attention-boosted convolutional neural networks
(Ji et al., 2020)

2019 103 2,534 27 90 Evaluation of different machine-learning methods and deep-learning 439
convolutional neural networks for landslide detection
(Ghorbanzadeh et al., 2019a)

2018 104 2,954 33 97 The Maoxian landslide as seen from space: detecting precursors of failure 249
with Sentinel-1 data (Intrieri et al., 2018)

2017 77 2,171 30 96 Spaceborne, UAV, and ground-based remote sensing techniques for 199
landslide mapping, monitoring, and early warning (Casagli et al., 2017)

2016 79 1,858 26 89 Landslide detection and susceptibility mapping using LiDAR and 112
an artificial neural network approach: a case study in the Cuyahoga Valley
National Park, Ohio (Gorsevski et al., 2016)

2015 53 1,566 25 89 Automatic case-based reasoning approach for landslide detection: 113
Integration of object-oriented image analysis and a genetic algorithm
(Dou et al., 2015)

2014 43 1,256 19 91 Design, development, and deployment of a wireless sensor network for 171
detection of landslides (Ramesh, 2014)

2013 44 1,362 21 91 Automatic landslide detection from remote-sensing imagery using 205
a scene classification method based on boVW and pLSA
(Cheng et al., 2013)

2012 26 1,615 17 100 Large-area landslide detection and monitoring with ALOS/PALSAR 212
imagery data over Northern California and Southern Oregon, USA
(Zhao et al., 2012)

2011 28 814 15 96 Towards a real-time susceptibility assessment of rainfall-induced shallow 94
landslides on a regional scale (Montrasio et al., 2011)

2010 24 1,207 14 96 Early warning of rainfall-induced shallow landslides and debris flows in the 398
USA (Baum and Godt, 2010)

2009 15 507 11 100 Test on application of distributed fibre optic sensing technique into soil 135
slope monitoring (Wang e al., 2009)

2008 14 305 7 93 Analysing the relationship between typhoon-triggered landslides and 80
critical rainfall conditions (Chang et al., 2008)

2007 7 122 4 71 Inclinometer monitoring of the Castelrotto landslide in Italy 60
(Simeoni and Mongiovi, 2007)

2006 10 461 7 100 Permanent Scatterers for landslide investigations: outcomes from 221
the ESA-SLAM project (Farina et al., 2006)

2005 6 460 6 100 Satellite remote sensing for detailed landslide inventories using change 233
detection and image fusion (Nichol and Wong, 2005)

2004 10 872 6 100 Objective landslide detection and surface morphology mapping using high- 441
resolution airborne laser altimetry (McKean and Roering, 2004)

2003 10 992 7 100 Landslide monitoring by using ground-based SAR interferometry: 316
An example of application to the Tessina landslide in Italy
(Tarchi et al., 2003)

2002 4 179 4 100 Neural networks for slope movement prediction 69

(Mayoraz and Vulliet, 2002)
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Table 2. Top 10 leading countries in landslide detection and monitoring research during 2002-2022
Rank Country Name Total publications  Total citations h-Index psjglgi::ea:ﬁ) L;]n(tg/z) Ngi;glia(lirfsed
1 China 390 8,318 46 35 21
2 Italy 195 7,198 48 18 37
3 United States 103 3,917 34 9 38
4 India 78 1,142 20 7 15
5 United Kingdom 63 1,618 23 6 26
6 Germany 45 959 19 4 21
7 Japan 44 826 18 4 19
8 Taiwan 43 717 13 4 17
9 Malaysia 42 573 11 4 14
10 Austria 38 1,484 18 3 39
On the other hand, the article (Ghorbanzadeh
et al., 2019a) with 2nd most citations (439)
evaluated the performance of artificial neural [* v
networks (ANN), support vector machines (SVM),
random forest (RF), and different convolutional
neural networks (CNNs) in detecting landslides.
The authors concluded that convolutional neural .
networks (CNNSs) consistently outperform other B k3
methods, contrary to the common belief. Furthermore, & b
CNNs are still in an early stage of development, and i
their performance depends heavily on factors like b
layer depth, window size, and training strategies. ) o o
Figure 4. Global distribution of research publications

Contributing Countries

During 2002-2022, research was conducted in 75
different countries, with a significant portion
originating from Asia, Europe, and North America.
Table 2 displays the top 10 countries with the greatest
number of publications, while Figure 4 illustrates
how publications are spread worldwide in this field.

Remarkably, the top ten countries contributed
94% of the total publications. China (390), Italy
(195), the USA (103), India (78), the UK (63),
Germany (45), Japan (44), Taiwan (43), Malaysia
(42), and Austria (38) collectively contributed 1,041
publications, which received a total of 26,747
citations and achieved a combined h-index of 250.
China is the most prolific and frequently cited
country (8,318 citations), accounting for 35% of
the total research output in landslide detection
and monitoring. This means that Chinese authors
have produced more articles on this subject than
authors from other countries. Italy comes second
in total number of articles and citations (7,195).
Although the total number of publications from Italy
was much lower than in China, it is essential to
highlight that these articles were particularly
appealing and significant to researchers.

This is evident from the fact that this country
achieved the highest h-index value of 48 and
received a substantial number of citations.
Similarly, the USA followed with 103 publications,
3,918 total citations, and produced the highest-cited

on landslide detection and monitoring
techniques from 2002 to 2022

article (McKean and Roering, 2004) in this field.
Interestingly, Austria produced the 2nd most cited
article (Ghorbanzadeh et al., 2019b) and achieved
the highest normalized citations (39) with only 38
publications.

Research output from other nations around
the globe was insignificant when compared to the
top 10 countries. Fifty out of the 75 countries could
only publish between 1 and 10 papers. The research
contribution of a single country during the study
period was heterogeneous. Among the top 10
contributing countries, China and Italy had the
highest percentage of publications from a single
country, while the remaining eight countries had
lower percentages, ranging from 3% to 9%.
Analysis of the historical trends in publications
allows us to identify the countries that have
consistently ranked in the top three positions in
terms of research output (Chang et al., 2020). Italy
was the only country that ranked among the top
three for the whole period of consideration,
followed by China, which remained among the top
three all the time except in 2002, 2004, and 2007,
when China did not contribute. It is worth noting
that from 2002 to 2012, the USA was only among
the top three positions three times (2004, 2007,
and 2010) among the top three positions, however,
in the last ten years, it has consistently occupied 3rd
position except in 2016 and 2022.
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It is important to note that differences in
co-authorship from various countries do not
necessarily reflect the quality of research or
publications but rather offers insights into potential
collaborations between countries and research
institutions. In addition, the zeal for extended
research frontiers, improved funding prospects, and
the demand for specialised equipment/experiments
all promote international collaborations (Melkers
and Kiopa, 2010).

Figure 5. Collaboration network of contributing
countries during 2002-2022. To view online
click: VOSviewer Online

The VOSviewer software has proven to be
a valuable tool for exploring the relationship among
authors, their countries, and the co-occurrences of
keywords (Loh et al., 2022). Figure 5 shows
the co-authorship analysis of the contributing
countries. The network visualisation map revealed
that out of 75 contributing countries, 67 collaborated
with 269 links and a total link strength of 593.
The collaborating countries are divided into
6 clusters, each with a distinct colour: Asia
(represented by red), Africa (green), Europe (blue),
North America (yellow), South America (cyan), and
Oceania (algae colour). The node's size reflects the
number of articles published by the country, while
the thickness of the line represents the strength of
the collaboration between connecting countries.

China emerged as the most central player in
international collaboration, boasting the maximum
total link strength (131) and the most linkages (32)
with other nations. Italy followed with a total link
strength of 111 and 29 ties to other countries.
Notably, the link strength between China and the
USA stood at 27, surpassing all other collaborating
countries.

On the other hand, Italy had a link strength
of 12 each with China and the UK. Similarly,
a collaboration between Italy and Spain, Italy and
India, China and Canada, the USA and the UK all
have a link strength of 8. The total link strength
represents co-authorship ties with other countries

and authors. In contrast, the link strength between
countries and authors reveals the number of
publications jointly authored by two linked
countries and their respective authors (Loh et al.,
2022).

Italy and China consistently have high
research output due to their significant contributions
and active participation in international collaborations.
China's substantial research output is driven by
its extensive collaboration network and investment
in research infrastructure, while Italy’s consistent
performance is attributed to its long-standing
expertise in the field and strong ties with other
research institutions. In summary, 89.33% of
the contributing countries actively participated in
international collaborations, highlighting the global
nature of knowledge sharing and joint research
efforts in the field of landslide detection and
monitoring. A strong international collaboration
has been found to exist among the countries.
The observed collaborative research likely resulted
from several motivating factors, such as the need to
secure research funding, facilitate information
sharing, obtain access to research facilities, and
engage in co-authorship of publications (Bezak
etal., 2021). Despite the prevalence of international
collaboration, some countries, such as Albania,
Bhutan, Estonia, Jordan, Romania, Serbia,
Singapore, and Slovenia, exhibit limited or no
links with other countries, indicating a lack of
international collaboration. This could be due to
various factors such as limited resources, research
infrastructure, or opportunities for collaboration
within their respective regions. In summary, the
high research output of certain countries in landslide
detection and monitoring is influenced by factors
such as research infrastructure, funding opportunities,
collaborative networks, and motivation for
knowledge sharing and joint research efforts on
a global scale.

Top Prolific Authors

The analysis of 1,112 papers on landslide detection
and monitoring  techniques revealed that
a total of 3,259 unique researchers authored these
publications. The Scopus database assessed the
authors' performance in publishing significant
research articles. Table 3 presents the top prolific
authors in this field, ranked by the number of articles
they contributed.

According to the data, the top 10 authors
collectively published 135 articles, representing
12% of all publications (1,112 articles) on this topic.
The top 10 prolific authors were found to be from
four different countries. A substantial representation
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Table 3. Top 10 most prolific authors and their contributions
Rank  Author TP TC HI Scopus ID Country Highest cited article CHCA
1 Nicola Casagli 26 2,134 23 56962779300 Italy Landslide monitoring by using ground-based 316
SAR interferometry: An example of application
to the Tessina landslide in Italy
(Tarchi et al., 2003)
2 Biswajeet 16 542 12 12753037900 Australia Landslide Detection Using Residual Networks 87
Pradhan and the Fusion of Spectral and Topographic
Information (Sameen and Pradhan, 2019)
3 Qiang Xu 15 604 10 56506033600 China Successive land sliding and damming of the 143
Jinsha River in eastern Tibet, China: prime
investigation, early warning, and emergency
response (Fan et al., 2019)
4 Samuele Segoni 14 508 12 35272973800 Italy Technical note: Use of remote sensing for 111
landslide studies in Europe (Tofani et al., 2013)
5 Huiming Tang 13 409 10 58132262400 China Identification of causal factors for the Majiagou 70
landslide using modern data mining methods
(Macet al., 2017)
6 Emanuele 12 975 10 53865165900 Italy The Maoxian landslide as seen from space: 250
Intrieri detecting precursors of failure with Sentinel-1
data (Intrieri et al., 2018)
7 Filippo Catani 10 501 10 7003483555 Italy Displacement prediction of step-like landslide by 121
applying a novel kernel extreme learning
machine method (Zhou et al., 2018a)
8 Weile Li 10 395 8 25936551300 China Successive landsliding and damming of the 143
Jinsha River in eastern Tibet, China: prime
investigation, early warning, and emergency
response (Fan et al., 2019)
9 Bo Yu 10 216 8 57190156260 China Landslide detection based on a contour-based 71
deep learning framework in case of the national
scale of Nepal in 2015 (Yu et al., 2020)
10 Maneesha 9 418 8 55411983300 India Design, development, and deployment of a 170
Vinodini wireless sensor network for detection of
Ramesh landslides (Ramesh, 2014)

is observed from China and Italy, with four authors
originating from each nation. Moreover, one author
from Australia and India also secured positions
among the top 10 prolific authors.

Nicola Casagli had the most publications (26),
received the maximum citations (2,134) and had
the highest h-index (23) among this group. Followed
by Biswajeet Pradhan (542 citations) and Qiang Xu
(604 citations) with 16 and 15 articles, respectively.
On the other hand, with 12 articles, Emanuele
Intrieri achieved the 2™ highest citations (975),
although one of his articles has not yet been cited.
The remaining nine top authors’ articles had already
been cited at least once. Furthermore, Nicola
Casagli’s earliest publication within this group dates
back to 2003, while Weile Li’s most recent first
publication emerged in 2019. In addition, the article
(Tarchi et al., 2003) co-authored by Nicola Casagli
received the most citations (316), followed by
Emanuele Intrieri’s work (Intrieri et al., 2018) with
250 citations.

Nicola Casagli, a professor at the University of
Florence, Italy, was the most productive author.
His main contribution is using various remote
sensing techniques for landslide detection and
monitoring. Specifically, the application of the
ground-based interferometric synthetic aperture
radar (GB-InSAR) to create highly detailed and
accurate temporal maps of surface deformations of
two landslides located in Italy (Pieraccini et al.,
2003; Tarchi et al., 2003). His most cited article
(Tarchi et al., 2003) revealed that ground-based

radar interferometry can generate highly accurate
2D temporal deformation maps with detailed
coverage area and high frequency.

On the other hand, Biswajeet Pradhan is
a distinguished professor at the University of
Technology Sydney, Australia. He is an internationally
recognised scientist in the field of Geospatial
Information Systems (GIS), image processing,
machine learning, and remote sensing of earth
observation. His work mainly contributed to
the development of soft computing techniques,
including machine learning (Mezaal et al., 2017a;
Sameen and Pradhan, 2019), image processing
(Pradhan et al., 2016; 2020), and information fusion
(Mezaal et al., 2017b; 2018; Sameen and Pradhan,
2019) for landslide detection and monitoring.

Figure 6 shows the overlay visualisation map
of researchers’ collaboration for developing
landslide detection and monitoring technology from
2002 to 2022. In this bibliometric map, 673 authors
are organised into 28 groups, connected by 3,278
links with a combined link strength 4,087. The map
highlights that Nicola Casagli (Casagli N.) holds
the highest total link strength (124) and relates to
54 other authors. Following closely are Emanuele
Intrieri (42 links) and Qiang Xu (41 links), with
link strengths of 65 and 63, respectively. The
co-authorship map also shows that Nicola Casagli
collaborated on seven articles each with Emanuele
Intrieri (Intrieri E.) and Samuele Segoni (Segoni S.).
In contrast, Biswajet Pradhan, despite having
the second-highest number of articles on this topic,
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Figure 6. Overlay visualisation of co-authorship of
authors. To view online click: VOSviewer
Online

had lower collaboration, with a total link strength
of 31 and 8 links to other authors. Notably, the top
two authors, Casagli and Pradhan, do not have
a direct connection.

Productive Journals

The Scopus database was analysed to identify the
most significant journals in the field. Table 4
summarises the top-performing journals on

landslide detection and monitoring techniques.
It offers insights into their total article count,
citations, and additional pertinent information,
including the most cited article, publisher names,
CiteScore, and h-index. The list of the top ten
journals with the most publications on landslide
detection and monitoring includes five distinct
academic publishers: MDPI (3 journals), Springer
Nature (3 journals), Elsevier Ltd (2 journals), Taylor
& Francis Ltd (1 journal), and Copernicus
(1 journal).

The top ten journals contributed 402 articles to
the field, generating 12,817 citations. The journal
Remote Sensing occupied the foremost position in
terms of overall publications, with a total of 106
articles and 2,845 citations. It was followed by
Landslides with 85 articles, which, remarkably,
accumulated the highest total citations of 3,547 and
attained the highest h-index of 33. This indicated
that most researchers preferred to publish their work
in Remote Sensing. However, articles published in
Landslides were more likely to be cited. Besides,
the fact that Remote Sensing is an open-source
journal.

The Scopus CiteScore is a vital tool for
evaluating journal performance by reflecting the
average citations received per article over four

Table 4. The top ten most productive Journals on landslide detection and monitoring techniques from 2002 to

2022 and their most cited articles

CiteScore

SJR  SNIP

Rank Journal Publisher TP TC NCPA PCA HI (2022)  (2022) (2022) Q Highest cited article CHCA
1 Remote MDPI 106 2,845 27 97 28 7.9 1136 1532 Q1 Evaluation of different machine-learning 439
Sensing methods and deep-learning convolutional
neural networks for landslide detection
(Ghorbanzadeh et al., 2019b)
2 Landslides Springer 85 3,547 42 100 33 116 1.928 2025 Q1 Early warning of rainfall-induced shallow 398
Nature landslides and debris flows in the USA
(Baum and Godt, 2010)
3 Engineerin Elsevier 45 2,283 51 9% 24 12 2342 2373 Q1 Landslide monitoring by using ground-based 316
g Geology SAR interferometry: An example of
application to the Tessina landslide in Italy
(Tarchi et al., 2003)
4 Natural ~ Springer 28 601 21 100 15 55 0.747 1151 Q1 Developing an early warning system for a 59
Hazards Nature very slow landslide based on displacement
monitoring (Macciotta et al., 2016)
5 Sensors MDPI 27 543 20 100 15 6.8 0.764 1317 Q1 Automated landslide detection for mountain 60
cities using multi-temporal remote sensing
imagery (Chen et al., 2018b)
6 Natural Copernicus 25 570 23 100 14 6.8 1.094 1289 Q1 Technical Note: An operational landslide 71
Hazards early warning system at a regional scale based
and Earth on space-time-variable rainfall thresholds
System (Segoni et al., 2015)
Sciences
7 Geomatics Taylor& 20 451 23 100 12 7.3 0.813 1184 Q1 Performance of low-cost GNSS receiver for 79
Natural Francis landslides monitoring: test and results
Hazards (Cina and Piras, 2015)
and Risk
8 Geomorph Elsevier 19 1221 64 100 17 7.8 1207 1309 Q2 Objective landslide detection and surface 441
ology morphology mapping using high-resolution
airborne laser altimetry
(McKean and Roering, 2004)
9 Applied MDPI 17 260 15 82 8 45 0.492 0974 Q2 Optimized neural architecture for automatic 63
Sciences landslide detection from high-resolution
(Switzerla airborne laser scanning data
nd) (Mezaal et al., 2017c)
10 Environm Springer 15 408 27 100 9 52 0599 0931 Q1 Landslide HotSpot Mapping by means of 106
ental Earth  Nature Persistent Scatterer Interferometry
Sciences (Bianchini et al., 2012)
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years. For example, CiteScore 2022 is the average
journal citations received per published article from
2019 to 2022. Based on the CiteScore 2022, there
were seven journals with CiteScores greater than 6.
Among the top 10 most productive journals,
Engineering Geology received the highest
CiteScore of 12 and the highest SJR (2.342) and
SNIP (2.373) scores. Moreover, eight of these top
ten journals held a prestigious Q1 ranking in their
respective subject categories, signifying their
esteemed status and dedication to publishing
cutting-edge research. This esteemed reputation is
a powerful magnet, attracting high-quality research
that further elevates their performance (Wu et al.,
2021). Consequently, future impactful publications
in landslide detection and monitoring are anticipated
to find their place in these leading journals.

Table 4 also presents the most cited papers
published by the top ten journals. The Journal of
Geomorphology published the most cited article
(McKean and Roering, 2004). Subsequently followed
by the articles (Tarchi et al., 2003; Baum and Godt,
2010; Ghorbanzadeh et al., 2019b) published in
Journal of Remote Sensing (439 citations), Landslide
(398 citations), and Engineering Geology (316
citations), respectively.

On the other hand, the Journal of Applied
Sciences garnered the fewest citations (260) and
held the ninth position among the most productive
journals in total publications (17 articles). This
journal also had the lowest journal metrics in this
group, even though it is an open-access journal.

This observation suggests that open-access status
alone may not guarantee high citation impact, and
other factors such as journal reputation, editorial
standards, and quality of research also play
a significant role.

Productive Institutions and Funding
Organizations

The data retrieved from the Scopus database was
analysed to extract the top 10 most prolific
institutions in landslide detection and monitoring
from 2002 to 2022. As indicated in Table 5, eight of
these institutions are located in China, while the
remaining two are in Italy and Switzerland. These
ten institutions contributed (330 articles) 30% of
the total publications received 9,789 citations and
generated a combined h-index of 170 from the
considered topic between 2002 and 2022. Chinese
Academy of Sciences (CAS) is the leading
institution in total publications (55 articles), closely
followed by the China University of Geosciences
and the University of Florence, Italy, each
contributing 53 articles. However, regarding
citations, the University of Florence, Italy, emerges
as the leading institution with the highest total
number of citations (3,304).

It is followed by the China University of
Geosciences (1,280 citations) and the Chinese
Academy of Sciences (1,262 citations). Notably,
ETH Zurich was the only university in this list

Table 5. Top 10 productive institutions in advancing landslide detection and monitoring techniques during

2002-2022
Rank Institution Location TP TC PCA HI Highest cited article CHCA
1 Chinese Academy of Beijing, China 55 1,262 96 20  Susceptibility assessment of earthquake-induced landslides 131
Sciences using Bayesian network: A case study in Beichuan, China

(Song et al., 2012)

2 China University of Hubei, China 53 1280 98 21 Forested landslide detection using LIDAR data and 152

Geosciences the random forest algorithm: A case study of the Three

Gorges, China (Chen et al., 2014b)

3 University of Florence Florence, Italy 53 3,304 92 31 Landslide monitoring by using ground-based SAR 316
interferometry: An example of application to the Tessina
landslide in Italy (Tarchi et al., 2003)

4 Wuhan University Hubei, China 30 761 97 15 Landslide detection from an open satellite imagery and 140
digital elevation model dataset using attention boosted
convolutional neural networks (Ji et al., 2020)

5 Chengdu University of Chengdu, China 28 757 93 13  Successive landsliding and damming of the Jinsha River in 143

Technology eastern Tibet, China: prime investigation, early warning,
and emergency response (Fan et al., 2019)
6 University of Chinese Beijing, China 26 542 88 14  Landslide detection of hyperspectral remote sensing data 72
Academy of Sciences based on deep learning with constrains (Ye et al., 2019)

7 Chongging University Chongging, China 24 405 83 11  Wireless self-powered sensor networks driven by 88
triboelectric nanogenerator for in-situ real-time survey of
environmental monitoring (Zhou et al., 2018b)

8 Central South University Hunan, China 22 322 86 10 Towards slow-moving landslide monitoring by integrating 48
multi-sensor INSAR time series datasets: The Zhouqu case
study, China (Sun et al., 2016a)

9 Chang'an University Shaanxi, China 20 522 95 10 Large-area landslide detection and monitoring with 211
ALOS/PALSAR imagery data over Northern California and
Southern Oregon, USA (Zhao et al., 2012)

10 ETH Zirich Zurich, Switzerland 19 636 100 12  Four-dimensional imaging of moisture dynamics during 106

landslide reactivation (Uhlemann et al., 2017)
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Table 6. Top 10 funding organisations and their achievements in landslide detection and monitoring techniques

during 2002-2022

Rank Funding Agency Country TP TC PCA HI Highest cited article HCAC
1 National Natural Science China 217 45528 93 37  Large-area landslide detection and monitoring with 211
Foundation of China, ALOS/PALSAR imagery data over Northern California and
(NSFC) Southern Oregon, USA (Zhao et al., 2012)
2 National Key Research China 75 1,152 93 18 Landslide detection from an open satellite imagery and digital 140
and Development Program elevation model dataset using attention boosted convolutional
of China, (NKRDP) neural networks (Ji et al., 2020)
3 Fundamental Research China 43 728 91 14  Forested landslide detection using LiDAR data and the random 152
Funds for the Central forest algorithm: A case study of the Three Gorges, China
Universities, (FRFCU) (Chen et al., 2014b)
4 European Space Agency, France 25 634 92 11  Permanent Scatterers for landslide investigations: outcomes from 221
(ESA) the ESA-SLAM project (Farina et al., 2006)
5 European Commission, Belgium 23 666 91 12  Correlation of multi-temporal ground-based optical images for 158
(EC) landslide monitoring: Application, potential and limitations
(Travelletti et al., 2012)
6 China Scholarship China 19 678 100 12  Large-area landslide detection and monitoring with 211
Council, (CSC) ALOS/PALSAR imagery data over Northern California and
Southern Oregon, USA (Zhao et al., 2012)
7 Natural Environment UK 19 572 100 12 A semi-automated object-based approach for landslide detection 122
Research Council, validated by persistent scatterer interferometry measures and
(NERC) landslide inventories (Holbling et al., 2012)
8 Japan Society for the Japan 17 330 94 12  Data Driven Cyber-Physical System for Landslide Detection 39
Promotion of Science, (Liu et al., 2019)
(JSPS)
9 Chinese Academy of China 15 514 93 10  Susceptibility assessment of earthquake-induced landslides using 131
Sciences, (CAS) Bayesian network: A case study in Beichuan, China
(Song et al., 2012)
10 National Science USA 15 237 100 8  Astable reference frame for landslide monitoring using GPS in 47
Foundation, (NSF) the Puerto Rico and Virgin Islands region (Wang et al., 2014b)
whose articles have been cited at least once. Foundation of China (NSFC) and the China

Furthermore, the article (Tarchi et al.,, 2003)
originated from the University of Florence and had
the most citations (316) among this group. This was
followed by articles (Zhao et al., 2012; Chen et al.,
2014b) originating from Chang’an University,
China (211 citations) and the China University of
Geosciences (152 citations), respectively.

Table 6 summarises the top ten leading
funding organisations in the technological
development of landslide detection and monitoring
research. The ranking is based on the number of
manuscripts funded by these organisations. Five out
of 10 leading funding sponsors belong to China
(NSFC, NKRDP, FRFCU, CSC, CAS). The
remaining five sponsors were from Japan (JSPS),
France (ESA), Belgium (EC), the UK (NERC), and
the USA (NSF). The National Natural Science
Foundation of China (NSFC) was the most
productive sponsor in terms of the maximum
number of publications (216 articles), the most
citations (4,528), and the highest h-index (37).

This was followed by the National Key
Research and Development Program of China
(NKRDP), which had 75 publications and generated
1,152 citations with an 18 h-index in this category.
Furthermore, the article (Farina et al., 2006)
sponsored by the European Space Agency (ESA,
France) had the highest cumulative citations (221)
in this particular group. This was followed by
a publication (Zhao et al., 2012) that was sponsored
collaboratively by the National Natural Science

Scholarship Council (CSC).

Trending Keywords

Keywords are the keys to opening the door to the
most relevant and specific publications in the broad
spectrum of a scientific database. Specifically,
author keywords are considered more significant as
they link to the information presented in the articles.
The VOSviewer software was utilised to conduct
a co-occurrence analysis of the author keywords and
explore research priorities and interests of
researchers in landslide detection and monitoring
technologies.

Initially, this tool identified 2,763 author
keywords, showcasing its analytical power in
revealing complicated keyword relationships.
However, a data cleaning process was conducted to
simplify the results by replacing different synonyms
with a common term and removing a few
country/location names. Finally, 194 author
keywords grouped into 15 distinct clusters were
identified with minimum occurrences of 3.
As shown in Figure 7, “landslide”" was the most
frequently used author keyword, appearing 292
times, with a link strength of 585 and 149
connections to other terms. The average citation of
this keyword was 27.53, while its average
publication year was 2017.24. This was followed by
the author's keyword “landslide monitoring”, with
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238 occurrences, 129 links, and 25.45 average
citations.

In addition, the VOSviewer analysis revealed
that 8 of the top 10 most frequently used author
keywords in this field were “early warning
systems”, landslide detection”, “remote sensing”,
“slope monitoring”, “wireless sensor network”,
“interferometric synthetic aperture radar”, “slope
stability”, and “rainfall”. These keywords were used
more frequently than the other 184 author keywords.
Furthermore, “Landslide” had the highest
association with “landslide monitoring”, “early

focuses and trends within landslide detection and
monitoring techniques. To explore various
technologies utilized for landslide detection and
monitoring during 2002-2022, we selected the top
32 most frequently used author keywords with
frequency ranging from 10 to 61. These keywords
were classified into three classes, namely, (1) In-Situ
Monitoring Techniques (7 keywords), (1) Remote
Sensing Techniques (15 keywords), and (I1I)
Analytical Techniques (10), as shown in Figure 8.
The temporal evolution of landslide detection
and monitoring techniques was traced with the help
of trending keywords. The development process
can be divided into two distinct periods: the initial
decade (2002-2012) and the recent decade
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Figure 8. Most popular author keywords and their classification
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Table 7. Temporal evolution of landslide detection and monitoring techniques during the past two decades
Method Period (2002 — 2012) Period (2013 — 2022)
In-Situ Monitoring Inclinometers, Fiber Optic Sensing, Time Optical Time Domain Reflectometry, Brillouin
Techniques Domain Reflectometry Optical Time Domain Reflectometry

Remote Sensing
Techniques

Global Positioning System (GPS)

Analytical Techniques

Based Image Analysis

Ground-Based Synthetic Aperture Radar
(GB-InSAR), satellite-based Interferometric
Synthetic Aperture Radar (InSAR), Global
Navigation Satellite System (GNSS) and

Geographic Information System (GIS),
Machine Learning Algorithms, Neural
Networks, Numerical Simulation, Pixel-

(BOTDR), Wireless Sensor Network
Persistent Scatterer Interferometry (PS-Insar),
Small Baseline Subset (SBAS-Insar), And
Multi-Temporal Insar (MT-Insar), Light
Detection and Ranging (Lidar), Airborne Laser
Scanning (ALS), Terrestrial Laser Scanning
(TLS), Unmanned Aerial Vehicle (UAV)
Deep Learning, Convolutional Neural
Networks (CNNs), Random Forest, Time
Series Analysis, Object-Based Image Analysis
(OBIA), High-Resolution Remote Sensing

(2013-2022). The temporal evolution of each class
in the last two decades is shown in Table 7 and
discussed here in detail.

In-Situ Monitoring Techniques

In-situ monitoring in this paper refers to methods
of slope monitoring performed directly on-site
by placing/installing instruments, sensors, or
measurement devices at the location of interest to
gather data in real time or over a specific period.
Inclinometers have a long and distinguished history
as one of the earliest geotechnical instruments
employed for in-situ slope monitoring. Prior to
the year 2000, they served as the primary tool for
this purpose. During the initial decade (2002-2012),
researchers started to improve the performance
of the inclinometer by some modifications.
For instance, Lollino et al. (2002), highlighted
the effectiveness of an automatic inclinometer
system for detecting deep soil movements in Italy.

In addition, this period saw the rise of light
and electromagnetic wave-based techniques for
detecting changes in physical properties. As a result,
experimental research in this field diverted towards
optical fiber-based inclinometers (Yoshida et al.,
2002; Moore et al., 2010) and time domain
reflectometry (TDR) techniques (Singer et al., 2006;
Lin, 2009; Lin et al., 2009; Lei et al., 2010).

The recent decade (2013-2022) has emphasized
on further improving the accuracy and practicality
by introducing Optical Time Domain Reflectometry
(OTDR) (Zheng et al., 2019a) and Brillouin Optical
Time Domain Reflectometry (BOTDR) (Sun et al.,
2016b). On the other hand, a surge in Wireless
Sensor Network (WSN) combined with the Internet
of Things (10T), has transformed landslide detection
and monitoring during these ten years. Wireless
Sensor Network (WSN) refers to a network of
spatially distributed sensors to measure several
landslide-related parameters autonomously. The

adoption of WSN technology for real-time slope
monitoring is evidenced by many studies (Li and
Yuan, 2013; Ramesh, 2014; Yunus et al., 2015;
Giorgetti et al., 2016; Bhatta and Thangadurai,
2016; Gan and Jin, 2018; Khoa and Takayama,
2018; Latupapua et al., 2018; Mucchi et al., 2018;
Giri et al., 2018, 2019; Hemalatha et al., 2019;
Kumar et al., 2020; Sharma et al., 2020; Ciampalini
et al., 2021; Dhanagopal and Muthukumar, 2021;
Ragnoli et al., 2022; Sugimoto and Ishizuka, 2022;
Yadav et al., 2022). Despite its advantages, WSN
technology faces several challenges such as power
consumption, limited processing and storage, data
fusion and interpretation, high costs, and security
concerns, which need further research explorations.

To sum up, the development of in-situ
monitoring methods has been characterized by
technological progress, particularly in fiber optic
sensing and WSN technologies, which have
significantly advanced the capabilities for real-time
monitoring of slopes.

Remote Sensing Techniques

In contrast to the in-situ methods that rely on
physical instruments placed directly on the slope,
remote sensing (RS) leverages various technologies
like radar, LIiDAR, and satellite imagery to gather
information about the Earth’s surface from
a distance. This capability is particularly
advantageous for  studying dangerous or
inaccessible slopes.

The initial decade (2002-2012) witnessed
the emergence of specialized novel remote sensing
tools and techniques offering greater precision
and detailed information on slope movements.
Synthetic Aperture Radar (SAR) emerged as
a game-changer in landslide detection and
monitoring. This technology leverages radar waves
to create high-resolution images, offering a crucial
advantage: its ability to penetrate vegetation cover.
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This capability makes SAR particularly valuable in
situations where traditional optical methods might
be hindered by dense vegetation. Leva et al. (2003)
and Tarchi et al. (2003) demonstrated the efficacy
of the ground-based interferometric synthetic
aperture radar (GB-InSAR) in detecting landslide
movements, laying foundation for the subsequent
advancements. The GB-InSAR is a ground based
terrestrial remote sensing imaging system that
provides displacement maps with high spatial and
temporal resolutions and accuracy (Tarchi et al.,
2003), thanks to its high acquisition frequency (up
to one image every minute) and a rapid deployment,
which makes it a promising tool for managing local
(at a single slope scale) emergencies (Leva et al.,
2003; Tarchi et al., 2003; Noferini et al., 2005 and
2008). During this period, the utilization of satellite-
based Interferometric Synthetic Aperture Radar
(INSAR) experienced a surge in popularity.
Noteworthy studies conducted by Ge et al. (2009),
Herrera et al. (2011), and other researchers
demonstrated the effectiveness of InSAR in
examining landslide deformations. This era
witnessed the initial incorporation of satellite
platforms into landslide monitoring endeavors,
providing a wider coverage area and enhanced
accessibility in contrast to traditional ground-based
methods. Moreover, the adoption of Global
Navigation Satellite System (GNSS) and Global
Positioning System (GPS) technologies emerged for
the purpose of landslide detection and monitoring.

The past decade (2013-2022) has marked
a significant development in the application of
remote sensing techniques for landslide monitoring.
In this period however, satellite-based InSAR
remains a dominant tool as used by several studies
(Shi etal., 2016; Bru et al., 2018; Dong et al., 2018;
Ramsey and Rangoonwala, 2021) to investigate
landslide deformations. Additionally, advancements
in InSAR techniques like Persistent Scatterer
Interferometry (PS-InSAR), Small Baseline Subset
(SBAS-INSAR), and multi-temporal INSAR (MT-InSAR)
(Ding et al., 2022; Guo et al., 2022; Shankar et al.,
2022) offer improved precision. These advancements
lead to more accurate detection and mapping of
landslide movements due to enhanced spatial
and temporal resolution. However, factors such as
the availability of suitable radar targets, data
processing, and the specific characteristics of
the study area can influence the effectiveness of
these methods. Additionally, interpretation and
validation of results remain critical in ensuring
the reliability of deformation measurements.

In parallel, Light Detection and Ranging
(LiDAR) techniques, including both Airborne Laser
Scanning (ALS) and Terrestrial Laser Scanning
(TLS), have seen increased adoption for landslide

monitoring. Several Studies (Kuhn and Prifer,
2014; Matano et al., 2016; Pradhan et al., 2016;
Pfeiffer et al., 2018; Huang et al., 2019; Tyszkowski
and Cebulski, 2019; Yin et al., 2020) demonstrated
the applications of LIiDAR and highlighted the
benefits of LiDAR in providing detailed and
accurate 3D point clouds, particularly in densely
vegetated terrain where traditional methods may be
limited. However, the high cost of data acquisition
and requirements for advanced data processing
skills are still challenging in LIDAR applications.

Photogrammetry is one of the earliest remote
sensing techniques traditionally performed by
manned aircraft. Technological advancement makes
it possible to use low-cost unmanned aerial vehicles
(UAVs) to capture site details. Research articles
(Huang et al., 2017; Eker et al., 2018; Koukouvelas
etal., 2020; Xu et al., 2020; Gantimurova et al., 2021;
Cho et al., 2022) employed UAV photogrammetry
for landslide monitoring. Moreover, the integration
of different remote sensing techniques has further
expanded the capabilities of landslide monitoring
efforts (Jia et al., 2022; Jiang et al., 2022). This
synergistic approach allows for more comprehensive
assessments of landslide displacements.

Overall, remote sensing has revolutionized
landslide detection and monitoring over the last
two decades. From early aerial photography to
sophisticated InSAR and LiDAR techniques,
the field has witnessed continuous advancements.
As technology evolves and researchers explore
innovative applications, remote sensing will remain
an indispensable tool in mitigating landslide risks
and ensuring safer slopes.

Analytical Techniques

In addition to the evolution in data collection
techniques, the realm of landslide detection and
monitoring has witnessed a remarkable advancement
in analytical techniques. The first decade (2002-
2012) saw the utilization of Geographic Information
Systems (GIS) for landslide susceptibility mapping
(Lee and Choi, 2004; Wu and Chen, 2009),
alongside the adoption of machine learning
algorithms, including neural networks (Mayoraz
and Vulliet, 2002; Mondino et al., 2009), for
predicting and detecting landslides. Additionally,
numerical simulation methods (Eberhardt, 2008;
Guihong et al., 2012) and time series analysis
(Lauknes et al., 2010; Behling et al., 2014) were
employed during this time.

From 2013 to 2022, further advancements
in analytical techniques continued to enhance
landslide detection and monitoring. Deep learning
methods (He et al., 2021; Han et al., 2022) and
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random forest algorithms (Chen et al., 2018a; Krka¢
et al.,, 2020) became prominent for landslide
prediction and detection. Moreover, there was
la transition from pixel-based image analysis to
more accurate object-based image analysis (OBIA)
(Dou et al., 2015; Amatya et al., 2021) during this
period.

In summary, the initial decade (2002-2012)
witnessed the utilization of traditional instruments
with some modifications, the initial application of
innovative remote sensing technologies, and the
emergence of analytical techniques. In contrast, the
recent decade (2013-2022) saw remarkable progress
in the in-situ monitoring with technologies like fiber
optic sensing, wireless sensors network (WSN),
and the Internet of Things (loT). This decade
experienced the refinement and expansion of remote
sensing methods for landslide detection and
monitoring, reflecting technological advancements
and a heightened focus on precision and accuracy in
evaluating hazards. Furthermore, this era has seen
a paradigm shift towards advanced analytical
techniques, driven by the increasing availability
of high-resolution remote sensing data and
computational resources.

Key Research Themes

The VOSviewer co-occurrence analysis explores
the breadth and width of a research topic. Text data
from titles and abstracts of publications was utilised
to identify trending key research themes. Figure 9
presents the resulting visualisation network map
with a minimum term occurrence threshold of 20
and binary count selection. The analysis yielded
three distinct clusters (red, green, and blue)
encompassing 109 terms with 5,533 connecting
links and a total link strength 52,284. The red cluster
comprised 35 research terms, while the green and
blue clusters contained 30 and 44 terms,
respectively.

The first cluster (red) revealed a dominant
research theme centred on “image,” with 233
occurrences, a hefty total link strength of 2,352, and
107 connections to other research terms. Notably,
“image” linked to 100 articles on “landslide
detection,” 78 on ‘“accuracy,” 68 on “landslide
monitoring,” and 52 on “algorithm”. Analysis of
research terms in this cluster indicated that
researchers had utilised remotely sensed data
obtained through satellites or ground-based radar,
lidar, and unmanned aerial vehicles to detect
landslide events. In addition, several analytical
techniques, including image analysis and machine
learning algorithms, have been deployed to predict
landslide hazards.

The second cluster (green) focused on the term
“monitoring” with 429 occurrences and 3985 total
link strength and connected to all (108) terms
considered in the analysis. This term “monitoring”
had a strong connection with the terms “landslide
monitoring”, “deformation”, and “displacement” of
link strength 139, 126, and 123, respectively. This
cluster indicated that researchers tested various
field instruments to monitor slope movements
(deformation and displacements).

The third cluster (blue) presented that these
articles were mainly focusing on two terms, “slope”
and “system”. These two terms were connected to
all 107 terms and had a total link strength of 3,244
and 3,224 to other research topics. There were
99 articles in which these two terms are linked
together. One hundred fifty-five studies link
“slopes” to “monitoring”, 98 to “displacement”,
97 to “deformation” and 78 to rainfall. Whereas
170 articles connect the word “system” with
“monitoring”, 120 with “landslide monitoring”, and
44 with “landslide early warning system”. This
cluster revealed that researchers were interested in
developing an early warning system to protect
human lives and infrastructures against the natural
disaster of landslides.

<" Cluster2

Figure 9. Network visualization map of trending
themes from co-occurrence analysis of
research terms used in the titles and
abstracts. To view online click: VOSviewer
Online

In summary, the co-occurrence analysis of
trending research terms uncovers distinct thematic
clusters in the landscape of landslide research.
The first cluster centres on “image” and its
associations, highlighting the significant role of
remotely sensed data, machine learning, and image
analysis in landslide detection. The second cluster
emphasises monitoring slope movements, reflecting
the substantial research on field instrumentation
for deformation and displacement observation.
The third cluster’s focus on “slope” and “system”
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underscores the interest in developing early warning
systems to mitigate the impacts of landslides,
protecting both lives and infrastructure. These
findings offer valuable insights into the research
priorities within this critical field.

Limitations

This study, like previous bibliometric reviews, has
its limitations. We based our analysis solely on data
from the Scopus database. This means some
research articles related to our field might not be
included because they were not indexed in Scopus.
We did our best to create a comprehensive search
query to find as many relevant publications as
possible, but we may have missed some articles that
used different terms in their titles, keywords, and
abstracts. Our data collection only included articles
published between 2002 and 2022, so anything
published before 2002 or after 2022 is not part of
this analysis. Additionally, we focused on journal
articles published in English, excluding other
document types and languages.

Conclusions

This study presents a bibliometric analysis of 1,112
original research articles on landslide detection and
monitoring techniques published between 2002 and
2022 and indexed in the Scopus database. Microsoft
Excel and the VOSviewer applications helped in
analyzing publication trends, contributing countries,
prolific authors, productive journals, institutions,
funding organizations, popular keywords, and
research terms. This comprehensive analysis equips
researchers with a clear overview of trending
landslide detection and monitoring techniques,
paving the way for future landslide hazard
assessment and management advancements.

The key findings of this study are as follows.

1. The initial decade (2002-2012) saw
a relatively modest output of 154 research articles,
accounting for 14% of the total publications.
However, this period laid the foundation for future
developments with the improvements in traditional
in-situ monitoring tools (inclinometer, tiltmeter),
utilization of novel remote sensing technologies
(SAR, LiDAR, GNSS), and the emergence of new
analytical techniques (numerical simulation,
machine learning, GIS).

2. The recent decade (2013-2022) has seen
a remarkable surge in the number of articles, with
the last five years (2018-2022) alone contributing
60% of the total articles on this topic. This period

witnessed remarkable progress in the in-situ
monitoring with technologies like fiber optic
sensing, wireless sensors network (WSN), and the
Internet of Things (IoT). This decade experienced
the refinement and expansion of remote sensing
methods for landslide detection and monitoring,
reflecting  technological advancements and
a heightened focus on precision and accuracy.
Furthermore, this era has seen a paradigm shift
towards advanced analytical techniques, driven by
the increasing availability of high-resolution remote
sensing data and computational resources.

3. China and Iltaly emerged as the top two
contributors, collectively accounting for over half
(52.6%) of the total articles. China stood out as
the most prolific country, boasting the highest
number of publications and international
collaborations. Italy is in the second position, well
behind in publications and collaborations, but
its articles garnered greater attention among
researchers, as evidenced by its highest h-index.

4. The top ten most prolific authors hail from
China (4 authors), Italy (4 authors), Australia
(1 author), and India (1 author). Nicola Casagli,
from lItaly, authored the most publications and
garnered the most citations among all authors.

5. Authors most frequently chose to publish
in Remote Sensing, while Landslides garnered the
most citations among academic journals.

6. The Chinese Academy of Sciences (CAS),
China University of Geosciences, and the
University of Florence, Italy, were the most
productive institutions. The University of Florence,
Italy, achieved the highest number of citations
and h-Index among all institutions.

7. The Natural Science Foundation of China
(NSFC) emerged as the top funding agency, with the
highest number of publications and citations among
all funding organizations.

8. “Landslide”, “Landslide Monitoring”, and
“Early Warning Systems” were the top 3 most
frequently used keywords. Moreover, keywords
analysis reveals that remote sensing was the most
frequently used technique among the three classes
(i.e. in-situ, remote sensing, and analytical) of
landslide detection and monitoring.

9. The co-occurrence analysis of trending
research terms effectively unravels the thematic
landscape of research, highlighting the pivotal roles
of remote sensing and machine learning algorithms
in landslide detection and field instrumentations
in deformation monitoring, contributing to the
development of early warning systems and the
advancement of landslide hazard mitigation
strategies.
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