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Abstract

Marine mammal monitoring research has expanded considerably alongside developments
in acoustic, remote-sensing, telemetry, molecular, and computational approaches. This
study used bibliometric analysis to characterise the structure and evolution of research
published between 2014 and 2023. A total of 2586 peer-reviewed publications retrieved
from the Web of Science Core Collection were analysed using CiteSpace to examine pub-
lication trends, collaboration networks, keyword co-occurrence, temporal clusters, and
citation bursts. Annual publication output increased from 155 articles in 2014 to a peak of
362 in 2022, while collaboration networks revealed prominent research hubs across North
America, Europe, Asia, and Oceania. Passive acoustic monitoring remained a persistent and
highly connected theme, alongside habitat modelling, environmental impact assessment,
and conservation research. Temporal and keyword analyses indicated increasing attention
to machine learning, artificial intelligence, remote sensing, and environmental DNA, re-
flecting a broader movement towards automated and multimodal monitoring approaches.
These patterns demonstrate an increasingly interdisciplinary research landscape but do not
establish the effectiveness or operational uptake of individual technologies. Challenges
remain regarding method-specific limitations, data integration, standardisation, validation,
and geographical coverage. This study provides a quantitative basis for identifying major
research themes and informing future methodological priorities.

Keywords: marine mammals; bibliometric analysis; passive acoustic monitoring; machine
learning; remote sensing; environmental DNA; conservation

1. Introduction

Marine mammals perform diverse ecological functions within marine ecosystems,
including influencing trophic interactions, redistributing nutrients through feeding, excre-
tion, and movement, and transferring organic matter and nutrients across marine habitats
and water-column strata [1,2]. They can also act as indicators of environmental change and
ecosystem health [3]. Monitoring their occurrence, distribution, abundance, movements,
and behaviour is therefore important for understanding ecosystem dynamics, assessing
anthropogenic pressures, and informing conservation and management. Conventional
visual surveys from vessels or aircraft remain fundamental to marine mammal monitoring
but are constrained by factors including weather, daylight, sea state, observer availability,
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and animal detectability [4]. These limitations are particularly relevant in remote environ-
ments and under low-visibility conditions and have contributed to the development and
increasing use of complementary monitoring technologies.

Passive acoustic monitoring (PAM) has become an important component of marine
mammal research and monitoring. By detecting species-specific or taxon-specific vocalisa-
tions, PAM can provide continuous, non-invasive observations over extended temporal
scales and under conditions in which visual monitoring may be ineffective. Advances in au-
tonomous recording systems, signal processing, and automated detection and classification
have further increased the volume and complexity of acoustic data that can be collected and
analysed [5]. Machine-learning approaches, in particular, are increasingly being applied
to large acoustic datasets to support automated detection and classification. Nevertheless,
acoustic monitoring remains dependent on factors such as vocal activity, signal propagation,
sensor configuration, and analytical performance and therefore represents one component
of a broader monitoring framework rather than a universal substitute for other methods.

A range of complementary technologies has also expanded the marine mammal
monitoring toolkit. Active acoustic systems, including specialised sonar and scientific
echosounders, can provide detections independently of animal vocalisation [4,6]. Satellite
telemetry and biologging can provide information on individual movements, habitat use,
diving behaviour, and migration [7], while radar and thermal imaging offer additional
detection capabilities under particular environmental and operational conditions [4]. Envi-
ronmental DNA (eDNA) and automated analytical approaches have also created additional
opportunities for detecting species presence and integrating biological observations with
environmental information [8]. Combining acoustic, visual, telemetry, molecular, and
environmental datasets may therefore provide a more comprehensive representation of
marine mammal occurrence and ecology than any individual method alone.

The rapid diversification of monitoring approaches has, however, generated challenges
as well as opportunities. Monitoring methods differ in spatial and temporal coverage,
detection probability, taxonomic resolution, operational constraints, and data requirements.
Increasing data volumes also create challenges for storage, processing, validation, stan-
dardisation, and integration across platforms and monitoring programmes. Geographic
inequalities in research effort remain important, particularly in remote, deep-water, polar,
and less intensively studied regions. These challenges provide context for interpreting
the development of the research field but are not themselves directly quantified by the
bibliometric methods used here. Keyword co-occurrence, temporal, and citation-burst
analyses can identify the representation, relationships, and changing visibility of terms
associated with topics such as data integration or standardisation within the published
literature, but they cannot determine the extent to which these challenges have been re-
solved in monitoring practice. Consequently, understanding the development of marine
mammal monitoring requires consideration not only of individual technologies but also of
how research priorities, analytical approaches, and scientific collaborations have evolved.

Bibliometric analysis provides a quantitative framework for examining such changes
across a large body of scientific literature. By analysing publication metadata, keywords, ci-
tation patterns, and collaboration networks, bibliometric methods can identify the structure
and development of a research field, including major research themes, changes in thematic
representation over time, and patterns of scientific collaboration [9]. Importantly, biblio-
metric indicators characterise patterns within the published literature rather than directly
measuring the effectiveness, performance, or operational adoption of individual monitor-
ing technologies. This distinction is particularly relevant in a rapidly developing field,
where increasing publication activity around a method does not necessarily demonstrate
corresponding improvements in monitoring performance or implementation.
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Against this background, the present study provides a bibliometric analysis of peer-
reviewed marine mammal monitoring research published between 2014 and 2023. Using
records retrieved from the Web of Science Core Collection and analysed with CiteSpace,
we examine (i) temporal trends in research output; (ii) country, institutional, and co-
authorship collaboration networks; (iii) the co-occurrence and temporal development of
major research themes; and (iv) topics exhibiting concentrated periods of increased citation
activity identified through citation-burst analysis. The objective is to characterise how the
structure and thematic emphasis of marine mammal monitoring research evolved over this
ten-year period and to identify major research areas and changes in their representation
over time, while recognising the methodological and inferential limitations inherent in
bibliometric evidence.

2. Materials and Methods
2.1. Data Source and Search Strategy

Bibliographic records were retrieved from the Web of Science (WoS) Core Collection to
characterise marine mammal monitoring research published between 2014 and 2023. WoS
was selected because it provides structured bibliographic and citation metadata suitable
for bibliometric and network analyses.

The literature search was conducted on 19 November 2024 using a publication-date
window from January 2014 to December 2023. The 2014-2023 interval was retained as
a fixed ten-year retrospective period comprising complete calendar years rather than
being extended to include the partial 2024 publication year. Because retrieval occurred
almost 11 months after the end of the final calendar year, the search incorporated
records indexed during much of 2024 that were associated with the defined search
window. Nevertheless, no subsequent repeat search was conducted after 19 November
2024, and residual effects of delayed indexing cannot therefore be excluded. The study
should therefore be interpreted as a retrospective bibliometric analysis of the fixed
2014-2023 publication period, rather than as a continuously updated assessment of the
literature available at the time of manuscript submission.

The search combined terms identifying marine mammals, monitoring or tracking
activities, and monitoring methods or related research topics. The final topic search was:

TS = ((marine mammal* OR whales OR dolphins OR seals OR Cetaceans OR Pinnipeds)
AND (monitoring OR tracking) AND (acoustic OR sonar OR radar OR infrared OR seismic
OR visual OR satellite OR habitat OR migration OR survey)) NOT (“optimization algorithm”
OR “sealing” OR “leakage” OR “manufacturing” OR “blade surface” OR “robotics”).
The search expression was structured into three conceptual blocks combined using the
Boolean operator AND: (i) marine mammal taxonomic terms; (ii) general monitoring
or tracking terms; and (iii) a set of alternative terms representing monitoring methods,
observational approaches, and broader spatial, ecological, and survey contexts. Terms
within each block were connected by OR. Consequently, individual terms such as “acoustic’,
‘radar’, ‘seismic’, or ‘visual’ were not mandatory search terms; a record could satisfy the
third block through any one of the listed alternatives. The third block was designed to
provide broad thematic coverage by including terminology associated with acoustic and
sonar-based methods, radar, infrared and visual observation, seismic applications, satellite-
based approaches, habitat and migration studies, and surveys. The resulting strategy was
intended to retrieve a broad cross-section of marine mammal monitoring research while
retaining sufficient thematic specificity for bibliometric analysis. The NOT clause was used
to reduce retrieval of records in which broadly applicable monitoring or technological
terms, including expressions such as ‘optimization algorithm’, ‘robotics’, and ‘leakage’,
occurred in unrelated industrial, engineering, or computational contexts. The excluded
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expressions were therefore treated as semantic exclusion terms rather than as monitoring
approaches considered irrelevant to marine mammal research.

2.2. Dataset Selection

The initial WoS search returned 2787 records. The results were restricted by document
type to Articles and Review Articles, resulting in the final dataset of 2586 publications. Of
these records, 2465 (95.3%) were classified as Article-type publications and 121 (4.7%) as
Review-type publications. The two document categories were analysed together because
the study was designed to characterise the structure and thematic development of the
retrieved research literature as a whole, rather than to compare bibliometric patterns
between publication types. No additional language-based exclusion was applied to the
exported dataset; 2573 records (99.5%) were indexed by WoS as English and 13 (0.5%) as
other languages. The scope of the dataset was determined primarily by the bibliographic
search expression and document-type restriction described above. Conference abstracts,
standalone book chapters, grey literature, and other document types outside the Article
and Review Article categories were not included in the analysed dataset.

Full bibliographic records and cited references for the 2586 retained publications were
exported from WoS in plain-text format in six sequential batches of up to 500 records for
subsequent processing in CiteSpace. The batches represented non-overlapping segments of
the same WoS result set. Verification of record identifiers across the exported files confirmed
2586 unique WoS accession numbers and no duplicate records. The literature retrieval and
dataset-selection process is summarised in Figure 1.

Web of Science Core Collection search

Search conducted: 19 November 2024
Publication window: January 2014 — December 2023
Topic search (TS) as described in Section 2.1

n = 2787 records

‘ Records excluded
Document-type restriction by document type
Articles and Review Articles retained > n= 201_
(other document types excluded) (records not CIZ}SSlﬁed by
WosS as Articles or
* Review Articles)
Records retained and exported

Articles and Review Articles
Six sequential non-overlapping WoS batches
(up to 500 records per batch)

n = 2586 records

Duplicate verification
Verification of WoS accession numbers
across exported files

0 duplicate records identified
(2586 unique WoS accession numbers)

v
Final bibliometric dataset

Articles and Review Articles

n = 2586 publications

Figure 1. Bibliographic record retrieval and dataset-selection workflow for the bibliometric analysis.

2.3. Data Preprocessing and Term Normalisation

Prior to network analysis, synonymous or closely related terms were consolidated
using the CiteSpace 6.3.R1 Alias function to reduce artificial fragmentation of the
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bibliographic networks. Normalisation included singular and plural forms, common
and scientific species names, British and American spelling variants, abbreviations,
semantically equivalent or closely related terms, and alternative representations of
institutional names. For example, bottlenose dolphin and bottlenose dolphins, common
dolphin and Delphinus delphis, and eDNA and environmental DNA were consolidated.
Institutional variants referring to the same organisation were similarly harmonised
where appropriate. This preprocessing was applied to improve consistency in keyword
and institutional representation before network construction.

2.4. Bibliometric and Network Analysis

Data processing, network construction, and visualisation were performed using CiteS-
pace version 6.3.R1 without additional analytical code [10,11]. Network analyses were
conducted for country, institution, author, and keyword node types, according to the an-
alytical objective of each network. The g-index was used as the node-selection criterion
because it provides a citation-sensitive approach to selecting influential items within each
time slice and is recommended for node selection in CiteSpace [10]. Unlike fixed Top
N or Top N% criteria, which retain a predetermined number or proportion of the most
highly cited items per slice, g-index selection is based on cumulative citation performance,
with the scaling factor k controlling the size of the selected set. In the present analysis,
k was adjusted during network construction to control network size while maintaining
approximately 200 nodes. The exact run-specific values of the g-index scaling factor k
and the complete parameter configurations for the original CiteSpace analyses were not
preserved in the analytical records. Consequently, settings that could not be independently
verified, including any additional threshold or link-selection parameters, are not reported
retrospectively from software defaults. Pathfinder pruning, pruning of sliced networks,
and pruning of the merged network were enabled to reduce redundant links and improve
network interpretability. Cluster visualisations were generated using the static cluster
display. All temporal analyses covered the defined 2014-2023 study period; however, the
original run-specific time-slicing configuration was not preserved and is therefore not re-
constructed retrospectively. Temporal cluster visualisations were interpreted descriptively;
no inference regarding cluster quality was based on modularity or silhouette statistics.
Four complementary analyses were applied to characterise the structure and temporal
development of the research field:

1.  Collaboration network analysis. Country, institutional, and co-authorship networks
were examined to characterise the geographical and organisational structure of marine
mammal monitoring research. Nodes represent countries, institutions, or authors,
while links represent collaborative relationships. Publication counts were used to
describe the relative representation of countries, institutions, and authors in the
retrieved literature. Network visualisations were used to illustrate collaborative
relationships, while numerical centrality measures were reported for authors where
available. Country- and institution-level findings were interpreted descriptively,
without inferring comparative network centrality or citation impact from publication
counts alone.

2. Keyword co-occurrence analysis. Relationships among co-occurring keywords were
examined to identify major research themes and associations among monitoring
methods, ecological topics, analytical approaches, and conservation-related research.
Keyword nodes were interpreted comparatively within the network on the basis of
their relative frequency and connectivity. No fixed frequency or centrality threshold
was used to classify individual terms as ‘prominent’; rather, these network properties
were used to describe relative differences among terms represented in the analysis.
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3. Temporal and cluster analysis. Temporal visualisations of keyword clusters were used
to examine how major research themes developed during 2014-2023. These analyses
were interpreted to distinguish persistent research areas from themes that became
more prominent later in the study period. A technology-focused keyword time-zone
visualisation was additionally used to examine the chronological appearance and
connectivity of monitoring and analytical approaches.

4.  Citation-burst analysis. Citation-burst detection was used to identify terms or publi-
cations exhibiting marked increases in citation activity over defined periods. Citation
bursts were interpreted as indicators of rapidly increasing research attention rather
than direct measures of technological effectiveness or operational adoption.

These indicators were interpreted according to their distinct bibliometric meanings
rather than as interchangeable measures of thematic importance or temporal develop-
ment. Frequency measures were interpreted as counts of the corresponding bibliographic
items or terms represented in the relevant analysis; network connectivity and centrality
characterised their structural relationships within the corresponding networks; temporal
visualisations described changes in representation across the study period; and citation
bursts identified concentrated periods of increased citation activity. No single indicator, or
fixed combination of indicators, was used to classify a topic formally as ‘emerging’.

The resulting network and temporal visualisations were considered collectively to
characterise collaboration patterns, major research themes, and changes in thematic repre-
sentation over the analysed period. Interpretation was restricted to patterns represented
within the bibliographic dataset; no causal relationship between publication trends and the
effectiveness or operational implementation of monitoring technologies was inferred.

3. Results
3.1. Publication Output and Geographical and Institutional Collaboration

The analysed dataset comprised 2586 records retrieved using the defined 2014-2023
search window. Annual publication output based on the final WoS publication-year field
(PY) generally increased from 155 records in 2014 to a maximum of 362 in 2022 (Figure 2).
The corresponding counts were 186 in 2015, 211 in 2016, 239 in 2017, 235 in 2018, 257 in 2019,
269 in 2020, 343 in 2021, 362 in 2022, and 301 in 2023. An additional 28 records retrieved
within the search window had been published online as Early Access before the end of
2023 but were subsequently assigned a final publication year of 2024 in WoS. These records
were retained in the original analytical corpus, giving a total of 2586 records. Because the
search was conducted on 19 November 2024 and was not subsequently repeated, residual
delayed indexing of records associated with the final study year cannot be excluded. The
lower count at the end of the series should therefore not be interpreted as evidence of a
substantive decline in research output.

The country-level collaboration network showed contributions from multiple regions
and numerous international links (Figure 3). Descriptive counts derived from the WoS
affiliation data showed that the USA had the highest publication representation (1146
records; 44.3% of the corpus), followed by Canada (382; 14.8%), Australia (310; 12.0%),
Scotland (308; 11.9%), and England (277; 10.7%). France, Germany, the People’s Republic of
China, Italy, and Spain completed the ten countries/regions with the highest publication
counts (Table 1). Because publications involving multiple countries were attributed to each
represented country, these percentages describe representation within the corpus rather
than mutually exclusive shares of total output. The collaboration network additionally
illustrates the relationships among these contributors and the wider international research
structure (Figure 3).
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Figure 2. Annual publication output in marine mammal monitoring research from 2014 to 2023,
based on the final publication year (PY) recorded in the Web of Science Core Collection. The 28 Early
Access records subsequently assigned to 2024 are not represented in the annual series.

CiteSpace, v. 6.3.R1 (64-bit) Basic
December 2, 2024, 7:07:41 PM GMT
WoS: C:\Usersladimin! in
Timespan: 20142023 (Slice Length=1)

Sel riteria: g index (k=5), LRF=2.5, LIN=10, LBY=5, e=1.0
Network: N=107, E=127 (Density=0.0224)

Largest 5 CCs: 07 (100%)
Nodes Laeled: 1.0%
Pruning: Pathfinder

2019
2018

CiteSpace
]
==

Figure 3. Global map of country publication volume and cooperation network for marine mammal
monitoring research, 2014-2023.
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Table 1. Countries most frequently represented in the 2586-publication dataset. Publication counts
represent the number of records containing at least one author affiliation from the corresponding
country; a publication may therefore be counted for more than one country. Percentages are relative
to the complete dataset and are not mutually exclusive.

Country/Region as Recorded by WoS Publications % of Corpus

USA 1146 44.3%
Canada 382 14.8%
Australia 310 12.0%
Scotland 308 11.9%
England 277 10.7%
France 213 8.2%
Germany 159 6.1%
China 157 6.1%
Italy 152 5.9%
Spain 116 4.5%

The distribution of links among country nodes indicates extensive international co-
authorship, with particularly visible connectivity among major contributors in North
America, Europe, and the Asia-Pacific region.

The institutional collaboration network showed contributions from universities, gov-
ernment agencies, and research organisations across several regions (Figure 4). Descriptive
counts derived from the WoS affiliation data identified NOAA as the institution with
the highest publication representation (220 records; 8.5% of the corpus), followed by the
University of St Andrews (208; 8.0%), the University of Washington (122; 4.7%), Fisheries
and Oceans Canada (121; 4.7%), and Oregon State University (115; 4.4%). The University
of California, Santa Cruz; the Woods Hole Oceanographic Institution; the University of
California, San Diego; Aarhus University; and Cornell University completed the ten institu-
tions with the highest publication counts (Table 2). Because publications involving multiple
institutions were attributed to each represented institution, these percentages describe
institutional representation within the corpus rather than mutually exclusive shares of total
output. The collaboration network complements these descriptive counts by illustrating
relationships among institutions represented in the analysed literature.

Table 2. Institutions most frequently represented in the 2586-publication dataset. Publication counts
represent the number of records containing at least one author affiliation from the corresponding
institution; a publication may therefore be counted for more than one institution. Percentages are
relative to the complete dataset and are not mutually exclusive.

Institution Publications % of Corpus
NOAA 220 8.5%
University of St Andrews 208 8.0%
University of Washington 122 4.7%
Fisheries and Oceans Canada 121 4.7%
Oregon State University 115 4.4%
University of California, Santa Cruz 91 3.5%
Woods Hole .chanographlc 88 3.4%

Institution

University of California, San Diego 78 3.0%
Aarhus University 74 2.9%
Cornell University 63 2.4%

https:/ /doi.org/10.3390/jmse14201941


https://doi.org/10.3390/jmse14201941

9 of 22

ientificas y Tecnicas (CONICET)

Alfred w Institute
¥ / c°m®ersity
reforia
Helmhoeociation 2
United States Depgfitfilgnt of Energy (DOE)

Texas AGM ’rsky System

J. Mar. Sci. Eng. 2026, 14, 1941

Nelson Mandela University

CiteSpace, v. 6.3.R1 (64-bit) Basic
3 B3 b8 A PR T . o
input Consejo Nacional de Investigaci

December
: Ci\Users\ad mlnLcW’SDa:m{C“
Universn@ape Town

n; 2014-2023 (Slice Length
Criteria; g-index (k=5), LRF=2.5, IN=10, LBY=5, e=1.0
=130 (Density=0.0213)
(99%)
%
Stcllenba°Jnivcrsity
Unive

-
Pruning: Pathfinder

California Stal

unmrsn@mmmn

UK Research vation (UKRI)
\ll\l\llv'l;»‘yl
Consefo Superior.de Inve
aphic Institution

NERC ij!nll.luunny Centre ;
Natural Environmenarch Council (NERC)
Moss umm(;(i‘

Univers

La Rochellg Universite
a Fairbanks

Centre National de la [fe he Scientifique (CNRS) . ;
\ 3 77 Universidade Federal do Rio Grande Unive Exeter University
- Univen@uckland

rsite, Unlvers"y@ueensmnd niversity of‘lem Aupﬁa E] \

), 4 prity of Tromso unvergiBprTurin

= /" _~"Norwegi =
Institute of Marin@ Research - Norway g

Consiglio Nazion: le Ricerche (CNR)

universn-;@upenmnen

atural Resources

sorboe..
| Curti' bR,
O e
United States Déf @

CSIRO Oceans & Atmosphere

. Commonwealth Scientific & Industrial Research Organisation (CSIRQl
o
Univers| @ A

Dukrsif,ardo({éﬁjuiversity
Oregon

Universillone Cork
Chinese Ac,

Afitaidtic Division

@,}

|

yersity
Sapienza l‘:ny Rome

Mote Marine u@ery & Aquarium

State Universi@tem of Florida o= MR
Imin (NOAA) - USA

University of Massachusetts System

Ecole Pratique de:

s Navy .

lational Institute of Water & an.d: Research (NIWA) - New Zealand

National Aeronautics & §pace Administration (NASA)

aii System Smithss stitution

2020
2019 Stazione Zoologi
2018
Hokkaido University
s Canada University
United States D; ent of Defense
Dalhouoiversity

Bedford Instit @ Oceanography

CiteSpace
-

Figure 4. Institutional publication output and collaboration network, 2014-2023.
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Overall, the country- and institution-level networks show that marine mammal moni-
toring research during 2014-2023 was distributed across multiple geographical regions and
involved collaborative links among numerous research organisations.

3.2. Co-Authorship Network

The co-authorship analysis identified a network of recurring contributors and collabo-
rative author groups (Figure 5). Table 3 presents the authors with the highest publication
counts in the analysed dataset together with their network centrality values. Among the
prominent authors represented in the network were Sofie M. Van Parijs, John A. Hildebrand,
Simone Baumann-Pickering, Holger Klinck, Steven H. Ferguson, Christophe Guinet, Mark
A. Hindell, Kathleen M. Stafford, Daniel P. Costa, and Tomonari Akamatsu.
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Figure 5. Co-authorship network of researchers in marine mammal monitoring. Larger nodes indicate
authors with more publications; connecting lines indicate co-authorship relationships.

Table 3. Top 10 most prolific authors in marine mammal monitoring research (2014-2023), with
publication counts and network centrality measures.

Rank Author Publications Centrality
1 Hildebrand, John A 34 0.05
2 Guinet, Christophe 31 0.18
3 Hindell, Mark A 29 0.14
4 Stafford, Kathleen M 27 0.09
5 Costa, Daniel P 25 0.1
6 Akamatsu, Tomonari 24 0.03
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Table 3. Cont.
Rank Author Publications Centrality
7 Ferguson, Steven H 24 0.04
8 Klinck, Holger 24 0.09
9 Baumar}n-Plckermg, 23 0.03
Simone
10 Van Parijs, Sofie M 22 0.14

nnnnnnnnnn

The network contained multiple clusters of connected authors rather than a single, uni-
formly connected collaboration structure. Several highly represented authors were linked
to multiple co-authorship groups, indicating connections among otherwise differentiated
parts of the network.

3.3. Keyword Co-Occurrence Network

Passive acoustic monitoring (PAM) was strongly represented in the keyword network
(Figure 6). Examination of the underlying WoS Author Keywords showed that the exact
term “passive acoustic monitoring” occurred in 262 publications. For comparison, ‘marine
mammal’ and ‘marine mammals’, considered together as singular/plural variants, occurred
in 180 publications, while the exact methodological terms ‘satellite tracking” and ‘remote
sensing’ occurred in 36 and 31 publications, respectively. These descriptive frequencies
provide a directly reproducible measure of keyword representation in the source corpus
and should not be interpreted as CiteSpace degree or centrality values, which additionally
depend on term normalisation, node selection, and network pruning.
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Figure 6. Keyword co-occurrence network for marine mammal monitoring research, 2014-2023.
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A separate but connected group of computational terms included machine learn-
ing, deep learning, and artificial intelligence. Other portions of the network contained
keywords associated with conservation and individual marine mammal taxa, as well
as terms related to habitat use, habitat modelling, climate change, diving behaviour,
and environmental variables.

The network also included keywords associated with polar and sub-polar research
and with monitoring or modelling approaches applied across different ecological contexts.
Taken together, the co-occurrence structure shows simultaneous representation of acoustic
monitoring, computational methods, species- and conservation-focused research, habitat
analysis, and environmental change within the literature.

3.4. Temporal Development of Research Themes

The temporal cluster visualisation was interpreted descriptively to examine differ-
ences in the timing and persistence of research themes represented during the study period
(Figure 7). The PAM cluster was represented from the beginning of the 20142023 interval
and persisted throughout much of the analysed period. Terms associated with this clus-
ter included convolutional neural network and feature extraction, reflecting connections
between acoustic monitoring and computational analysis within the bibliographic network.

Clusters associated with habitat modelling and endangered species were also repre-
sented across the temporal network, while artificial intelligence- and machine-learning-
related terms became more prominent during the later part of the study period. The
temporal clusters are therefore interpreted as descriptive structures within the CiteSpace
visualisation rather than as quantitatively validated cluster partitions.

3.5. Technology-Related Keyword Time-Zone Analysis

The technology-related time-zone visualisation shows the chronological distribution of
monitoring and analytical keywords across 2014-2023 (Figure 8). During the earlier part of
the study period, represented terms included passive acoustic monitoring, habitat modelling,
environmental impact assessment, fisheries sonar, and midfrequency active sonar.

During the middle portion of the study period, machine learning and hidden Markov
model appeared together with analytical terms including feature extraction and cross-
correlation function. In the later portion of the time-zone network, computational terms
including computer vision and artificial intelligence were represented, together with camera
traps, offshore wind energy area, and eDNA.

The time-zone analysis therefore indicates a chronological broadening of the ter-
minology represented in the literature, from established acoustic, survey, and habitat-
related approaches towards a wider set of computational, visual, molecular, and ap-
plied monitoring topics.

3.6. Citation-Burst Analysis

Citation-burst analysis identified terms that exhibited concentrated periods of
increased citation activity during 2014-2023 (Figure 9). Earlier bursts included aerial
survey, state-space model, and minke whale. During subsequent years, bursts were
associated with machine learning, habitat modelling, and seismic survey. Terms ap-
pearing among the later bursts included deep learning and eDNA, with deep learning
showing a burst during 2022-2023.
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Figure 9. Citation-burst detection of keywords, 2014-2023.

The distribution of citation bursts varied in both timing and duration. Some
acoustics-related terms were represented over comparatively extended periods,
whereas computational and molecular terms occurred among the more recent bursts.
These results identify changes in the concentration of citation activity across research
topics during the study period.

4. Discussion
4.1. Growth and Collaborative Structure of Marine Mammal Monitoring Research

The bibliometric record for 2014-2023 indicates sustained growth in marine mammal
monitoring research, with annual publication output more than doubling between 2014
and the maximum observed in 2022. The increase in publication output observed during
the study period indicates growing representation of marine mammal monitoring research
within the analysed WoS corpus. However, this pattern should not be interpreted solely as
evidence of growth in the underlying research activity, because bibliometric publication
counts may also be influenced by factors external to the field, including changes over time
in overall scientific publication volume and database coverage. These broader publishing
and indexing trends were not quantified in the present analysis and therefore cannot
be separated from field-specific growth. The present analysis therefore characterises the
development of the published research field rather than the operational performance of
marine mammal monitoring programmes.

Country-, institution-, and author-level networks indicate that this growth occurred
within an internationally connected research landscape. Strong representation of insti-
tutions in North America and Europe was accompanied by contributions from the Asia-
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Pacific region, Africa, and elsewhere. International collaboration is particularly relevant
to marine mammal research because many species and populations occur across large
geographical ranges and multiple jurisdictions, while monitoring programmes can involve
combinations of field infrastructure, long-term datasets, and specialised analytical expertise.
Nevertheless, the geographical distribution of publications should not be equated with
the geographical distribution of marine mammal populations or monitoring need. Biblio-
metric prominence may also be influenced by differences in research capacity, publication
practices, and representation within WoS-indexed English-language journals.

The co-authorship network similarly showed multiple collaborative groups and re-
current connections among productive authors. These patterns are most appropriately
interpreted as evidence of the collaborative organisation of the published research field
rather than as measures of the scientific importance of individual researchers. The thematic
diversity identified elsewhere in the bibliometric analysis, encompassing bioacoustics,
habitat and movement studies, environmental assessment, remote sensing, and computa-
tional approaches, further indicates that marine mammal monitoring research draws upon
multiple methodological domains.

4.2. Persistent Importance of Passive Acoustic Monitoring and Diversification of
Monitoring Approaches

Passive acoustic monitoring (PAM) was one of the most persistent and highly con-
nected themes identified across the keyword co-occurrence and temporal analyses. Its
association with underwater noise, behavioural response, environmental impact assess-
ment, and marine mammal taxa is consistent with the established use of acoustic monitoring
in marine mammal research and anthropogenic-noise assessment [12—14]. PAM can pro-
vide extended temporal coverage and operate during darkness and other conditions that
constrain conventional visual observations, making it particularly useful for monitoring
vocalising species and for collecting long-duration datasets [4,12].

Its prominence in the bibliometric network should nevertheless not be interpreted as
evidence that PAM is universally superior to other monitoring methods. Acoustic detectabil-
ity depends on whether animals vocalise, the characteristics and directionality of their
signals, source-receiver geometry, propagation conditions, ambient and anthropogenic
noise, hydrophone characteristics and configuration, and the performance of detection and
classification procedures. Consequently, an acoustic non-detection cannot generally be in-
terpreted as evidence of animal absence. Detection range and taxonomic resolution can also
vary substantially among species, call types, environments, and recording systems [4,13].
These constraints are especially important when PAM is used to support abundance esti-
mation, behavioural inference, or real-time mitigation rather than to document acoustic
presence alone.

The occurrence of active acoustics, visual and remote-sensing approaches, teleme-
try, and other monitoring terms alongside PAM reflects a broader diversification of the
methodological landscape. These approaches address different observational dimensions
rather than providing interchangeable measurements. Active acoustic systems can detect
targets independently of vocal activity, although detection and classification depend on
factors including target characteristics, range, system configuration, and environmental
conditions [4,6]. Visual surveys can provide species identification, group-size estimates,
behavioural observations, and direct contextual information, but remain affected by avail-
ability and perception biases as well as visibility, sea state, observer performance, and
survey design [6]. Telemetry and biologging provide detailed information on individual
movement, diving behaviour, and habitat use [7], while population-level inference may
be constrained by sample size, deployment duration, potential tagging effects, and the
representativeness of tagged individuals [15,16].
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The bibliometric results therefore indicate methodological diversification rather than
replacement of established methods by newer technologies. Selection of an appropri-
ate monitoring approach remains dependent on the biological or management question,
target species, spatial and temporal scale, environmental conditions, operational setting,
and required detection or inference endpoint. The increasing representation of multiple
monitoring approaches in the literature consequently supports consideration of their com-
plementary capabilities and limitations rather than a simple hierarchy among technologies.

4.3. Machine Learning, Artificial Intelligence, and Increasing Automation

Machine learning, deep learning, and artificial intelligence became increasingly visible
in the later part of the analysed period. Their occurrence alongside PAM, feature extraction,
computer vision, and related analytical terms is consistent with increasing attention to
automated processing of large acoustic and image datasets. Long-duration autonomous
monitoring can generate data volumes that are impractical to inspect manually, creating
a role for automated detection and classification systems [17,18]. Applications include
acoustic call detection and species classification [5,17], image-based detection [19], and
analysis of movement and environmental datasets [20].

The bibliometric evidence, however, demonstrates increasing research attention to
these approaches, not a general improvement in monitoring accuracy or operational relia-
bility. Performance reported for machine-learning systems depends on the composition and
quality of training and validation datasets, annotation accuracy, class balance, recording
or imaging conditions, model architecture, and the degree to which evaluation data are
independent of training data [21]. Models developed using data from one region, sensor
configuration, species assemblage, or noise environment may not retain the same perfor-
mance when transferred to another [22]. Rare species and uncommon call types can present
particular difficulties because representative training data may be limited.

False-positive and false-negative rates are consequential in ecological and mitigation
applications, and high performance under controlled validation does not necessarily imply
equivalent performance during continuous field deployment [23]. Independent validation,
transparent reporting of training datasets and performance metrics, assessment of domain
transfer, and retention of expert review where appropriate therefore remain important.
These considerations are particularly relevant to deep-learning models, for which the
processes underlying individual predictions may not be readily interpretable, highlighting
the importance of explainability and transparent model evaluation [24,25].

The increasing representation of Al-related terms during 2014-2023 should conse-
quently be interpreted cautiously. The analysis captures a period in which these approaches
were becoming increasingly represented in the literature; it cannot establish their eventual
contribution to marine mammal monitoring or predict their future predominance. This dis-
tinction is particularly important given the rapid development of computational methods
after the endpoint of the present dataset.

4.4. Increasing Representation of Multimodal and Molecular Approaches

The later or increasing representation of terms such as computer vision, camera traps,
remote sensing, and eDNA in the temporal analyses should not necessarily be interpreted as
indicating the emergence of entirely new research activities. Examination of the underlying
Author Keywords showed that some of these terms were already present at low frequencies
earlier in the study period. For example, ‘remote sensing” was represented from 2015
onwards, while eDNA-related keywords occurred from 2016 but became more frequent
towards the end of the study period. Camera-trap terminology was also distributed across
the study period rather than being confined to its later years. Computer vision showed a
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pattern more strongly concentrated towards the end of the analysed period, with Author
Keyword occurrences concentrated in 2021-2023; however, computer-vision applications
in animal ecology pre-date this pattern [26]. Accordingly, later visibility in the bibliometric
network is interpreted here as increased representation within the analysed literature rather
than, by itself, evidence of technological novelty or first adoption [26,27].

Environmental DNA (eDNA) provides a complementary means of detecting marine
mammal species without requiring direct visual or acoustic observations. Applications
include species-specific detection, biodiversity assessment, and genetic characterisation,
although their suitability depends on assay design, sampling procedures, and the avail-
ability of appropriate reference sequences [8]. Detection performance also depends on
sampling effort and environmental conditions; consequently, non-detection cannot neces-
sarily be interpreted as evidence of species absence, as illustrated by the limited cetacean
detections obtained using low-volume eDNA transect sampling [28]. These constraints
highlight the importance of interpreting molecular observations in conjunction with other
monitoring information rather than treating eDNA as a direct substitute for established
survey methods.

A similar principle applies to multimodal monitoring more generally. Acoustic, visual,
telemetry, molecular, oceanographic, and remote-sensing approaches provide different
forms of information, potentially addressing some of the observational limitations asso-
ciated with individual methods [4,27]. The complementary use of underwater optical
imaging and eDNA metabarcoding, for example, has been shown to broaden biodiversity
detection in marine environments, although applications reviewed to date have predom-
inantly concerned taxa and ecosystems other than marine mammals [29]. Integrating
heterogeneous monitoring data nevertheless presents methodological challenges because
individual approaches differ in their spatial and temporal coverage, observation processes,
detection probabilities, and associated uncertainties. Such differences must be explicitly
considered before combined observations can support robust ecological inference [30].

The increasing bibliometric representation of multiple monitoring modalities should
thus not be interpreted as evidence that an integrated monitoring framework has already
been achieved across the field. Rather, the results identify an increasingly heterogeneous
methodological landscape in which interoperability and validation become more important
as the number and complexity of data streams increase. Establishing when different
data sources are genuinely complementary, rather than simply available simultaneously,
represents an important methodological question for future monitoring programmes.

4.5. Study Limitations and Research Priorities

Several limitations affect interpretation of the present bibliometric analysis. First,
the dataset was derived exclusively from the Web of Science (WoS) Core Collection and
was restricted by document type to Articles and Review Articles. The retrieved corpus
was overwhelmingly English-language, although a small number of records indexed in
other languages were retained in the dataset. Relevant research indexed only in other
bibliographic databases or contained in reports and other grey literature was therefore
not represented, while literature published in languages other than English may have
been incompletely represented. Database selection and document-type restrictions are
recognised considerations in bibliometric research because they influence the coverage and
composition of the resulting dataset [9]. Articles and Review Articles were analysed jointly,
with the latter accounting for 4.7% of the corpus. No Article-only sensitivity analysis was
conducted; consequently, the extent to which the inclusion of Review Articles may have
influenced citation patterns, keyword co-occurrence or network clustering remains unde-
termined. The relatively small proportion of Review Articles should not be interpreted as
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evidence that their inclusion had no effect on these results. The exclusion of grey literature
is particularly relevant to applied marine mammal monitoring, as the present analysis
does not capture methodological and operational information published exclusively in
government, industry, consultancy, or conservation reports.

Second, the composition of any bibliometric dataset is sensitive to the search strategy [9].
Although the search incorporated a broad combination of marine mammal, monitoring,
and methodological terms, no single query can capture every relevant publication while
excluding all peripheral material. Relevant studies using terminology not represented
in the search expression may therefore have been omitted. The search strategy was not
independently validated against a benchmark set of relevant publications, and the effects of
individual NOT-clause exclusions on corpus composition were not quantified. Consequently,
the possibility of relevant records having been omitted through the inclusion or exclusion
criteria cannot be ruled out. The resulting networks should consequently be understood
as representations of the literature retrieved under the defined search strategy rather than
exhaustive maps of all marine mammal monitoring activity.

Third, term normalisation was required to consolidate synonyms, spelling variants,
scientific and common names, abbreviations, and institutional variants before network
construction. Such preprocessing reduces artificial fragmentation but also involves ana-
lytical judgement. Particularly where related but not strictly identical concepts are con-
solidated, normalisation can affect node frequencies and network structure. The results
should therefore be interpreted at the level of broad research patterns rather than as precise
measurements of conceptual boundaries.

An additional methodological limitation concerns the reproducibility of the original
CiteSpace analyses. Although the software version, node-selection criterion and principal
pruning procedures are documented in Section 2.4, the complete run-specific parameter
configurations, including the exact g-index scaling factors, time-slicing settings and any
additional threshold or link-selection parameters, were not preserved. As these settings can
influence network construction, node selection, clustering and temporal representations,
exact computational reproduction of the original network analyses cannot be assured. This
constitutes a significant limitation of the study, particularly for the independent verification
and replication of network-derived results. Accordingly, the associated findings should be
interpreted as descriptive patterns within the analysed corpus, subject to the documented
methodological constraints.

Bibliometric indicators also measure characteristics of scientific publication and ci-
tation. Keyword frequency, network centrality, co-occurrence, and citation bursts do not
directly measure the accuracy, effectiveness, technological maturity, field adoption, or
conservation value of a monitoring method. Similarly, the later appearance of a term does
not necessarily establish that the underlying technology itself is new; it may instead reflect
changes in terminology, publication frequency, indexing, or application within marine
mammal research. These distinctions are consistent with the need to select and interpret
bibliometric techniques according to the research questions they are intended to address [9].

A further limitation concerns the temporal coverage of the study, which ends in
December 2023. The analysis therefore provides a defined ten-year retrospective view
rather than a description of developments occurring after that date. This limitation is
especially relevant to rapidly developing areas such as artificial intelligence and machine
learning. The temporal patterns identified here can indicate increasing research attention
to particular topics within 2014-2023, but they should not be extrapolated as evidence or
predictions of subsequent technological development. Because bibliographic databases may
continue to update records after a search has been performed, residual delayed indexing of
publications associated with the final study year cannot be excluded.
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Within these constraints, the bibliometric patterns identified in this study high-
light several areas warranting further attention in marine mammal monitoring re-
search. These include independent validation and transparent reporting of monitoring
performance; explicit characterisation of detection uncertainty and method-specific
biases; improved interoperability and standardisation across monitoring platforms;
and evaluation of the conditions under which multimodal approaches provide addi-
tional information relative to individual methods. Greater representation of regions
currently under-represented in the analysed literature and improved accessibility of
monitoring datasets and associated metadata would also support comparative and
large-scale research. Future bibliometric studies could extend the present analysis by
incorporating additional bibliographic databases and relevant grey literature and by
examining whether the patterns identified during 2014-2023 persist as computational,
molecular, and integrated monitoring approaches continue to develop.

5. Conclusions

This bibliometric analysis characterised the development of marine mammal mon-
itoring research between 2014 and 2023 using 2586 publications retrieved from the Web
of Science Core Collection. Annual publication output increased from 155 in 2014 to a
peak of 362 in 2022, indicating substantial growth in the literature during the study period.
Country-, institution-, and author-level networks revealed an internationally connected
research landscape, with prominent contributions from North America, Europe, Asia, and
Oceania. These patterns describe the organisation and geographical representation of
the published research field, although they do not necessarily reflect the distribution of
monitoring effort or conservation needs worldwide.

Keyword co-occurrence and temporal analyses identified passive acoustic monitoring
as a persistent and highly connected research theme, alongside habitat modelling, envi-
ronmental impact assessment, and conservation-related research. The increasing visibility
of machine learning, artificial intelligence, remote sensing, and environmental DNA indi-
cated diversification of the methodological topics represented in the literature, particularly
towards the latter part of the study period. These findings document changes in research
attention rather than demonstrating improvements in detection performance, operational
adoption, or the effectiveness of individual monitoring technologies.

The results provide a quantitative basis for identifying major research themes and
examining changes in their representation over time, as well as how collaboration and
methodological interests developed within the literature captured by the search strategy.
They also highlight priorities for further investigation, including independent validation of
monitoring methods, transparent reporting of detection uncertainty, improved interoper-
ability between data sources, and assessment of the circumstances in which multimodal
approaches provide additional ecological information. Given the restrictions associated
with database coverage, search terms, document selection, term normalisation, and the
study endpoint, the findings should be interpreted as a retrospective characterisation of
the retrieved literature rather than an exhaustive assessment of marine mammal moni-
toring practice. Future studies incorporating additional bibliographic sources and more
recent publications could establish whether the patterns identified here persist and how
the representation of different monitoring approaches changes over time.
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