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Scientometric Insights into the Trends and Evolution of the

Underwater Sensing Technologies and their Applications

Ashkan Ebadi'*, Alain Auger? Yvan Gauthier’

'Digital Technologies, National Research Council-Canada, CANADA.

*Science and Technology Foresight and Risk Assessment Unit, Defence Research and Development-Canada, CANADA.

ABSTRACT

Underwater sensing has a wide range of applications including the location and monitoring of
subsurface infrastructures such as cables and pipelines, mapping undersea terrain, the study
of marine life, pollution and salinity monitoring and detection of seismic activities. Underwater
sensing technologies are also essential to maritime surveillance, detection and tracking of
submarines and other underwater objects. Using natural language processing and machine
learning, we mined scientific publications to gain insight into underwater sensing research
evolution during the 21 century, in terms of technology development and applications. This
study offers a comprehensive analysis of the underwater sensing research landscape as well as
the temporal evolution of its main research topics. We identified 18 key research topics that offer
comprehensive and logical coverage of the research field. Nearly half of them are on a decreasing
trend, despite an overall increase in the number of scientific publications. These findings and the
extracted patterns can provide researchers and decision-makers with new insights into the field,
its characteristics and its development. Our proposed algorithmic approach can also be applied
to other areas for technologies of a disruptive nature.
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Topic modeling.

INTRODUCTION

The surface of our planet is mostly covered by the ocean,
occupying 71% of the total surface area."! Oceans' ecosystems
are greatly linked to the land which makes studying and
understanding the oceans extremely important.”! This can, for
example, help to better manage environmental protection and
climate change issues. In addition to the ecological connectivity
between the sea and the land, oceans are home to rich resources,
such as minerals, hydrocarbons and biological resources.®¥ For
that reason, underwater sensing technologies have attracted huge
interest from not only the scientific community but also various
private and public-sector organizations. These technologies
also have several defence and security applications, such as
maritime surveillance,’* mine detection,”’ communication cable
protection,™® or anti-submarine warfare.”

Ocean exploration is traced back to the 19" century when the
HMS Challenger made the first oceanographic expedition,” but
from that time until now, the technology and exploration methods
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have drastically advanced. Underwater sensing technologies
based on various sensing methods such as acoustics, optics
and electromagnetics, are now being widely applied for ocean
exploration."! Acoustic sensing employs sonar devices for various
purposes such as submersible navigation and seafloor mapping.
Optical sensing technologies include but are not limited to
underwater object detection and inspection, spectrophotometry
and fluorophotometry. Electromagnetics technologies are, for
instance, applied for the inspection and detection of underwater
cables and pipelines.?!

Each of these technologies has its own advantages and drawbacks.
For instance, underwater acoustic sensors have a high range
but a low resolution, whereas optical sensors can achieve
high-resolution images but at a short range underwater."!! That
is why most underwater sensing applications involve systems of
networked sensors, but such networks face challenges around
bandwidth, propagation delays, routing, power constraints and
others.!"?

Given rapid developments in underwater sensing technologies,
monitoring their evolution is essential to better understand how
they could impact economic development,® environmental
protection® and national security.*”*! To this end, we use an
advanced probabilistic topic modeling method and combine
natural language processing and machine learning techniques
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to extract the main research themes in the field of underwater
sensing and statistically examine their temporal changes.
By mining thousands of scientific publications, we offer a
comprehensive analytic framework able to reveal the target
research landscape as well as the temporal evolution of its main
research topics. Our results uncover patterns that can provide
researchers and decision-makers with new insights into the field,
its characteristics, areas of focus and its development. The main
research questions in this study are as follows:

What is the main research themes applied to underwater sensing
that the scientific community has paid attention to in the 21*
century?

What research themes have increased/decreased statistically?

Which research themes are likely to show increased research
activity in the future?

The remainder of this paper is as follows. Section “Data and
methodology” describes data and techniques in detail. Section
“Results” presents the findings of the research. Findings are
then discussed and the conclusions are presented in Section
“Discussion and conclusion” Finally, some limitations of
the research and future directions are presented in Section
“Limitations and future work”

Data and methodology
Data

In this study, we selected Elsevier's Scopus as the source of data.
Using a comprehensive search query (refer to Appendix A.),
carefully designed by our domain experts, we collected all scientific
publications about underwater sensing technologies (n=10,852).
Data were collected on September 14, 2022, hence; data of
2022 do not cover the whole year. The collected data contained
all the meta-data about each of the extracted publications that
were available on the Scopus website. This included but was not
limited to the titles and abstracts of the papers date of publication,
authors and authors' affiliations. We only included papers that
were written in English. We removed rows with no publication
date available (n=53). Publications with no title or abstract were
excluded (n=78) and duplicate records (n=173) were removed,
resulting in a dataset containing 10,548 records. And, finally we
filtered in papers published within the period from 2000 to 2022
(n=10,113).

After collecting the publications data, we first generated a new
feature, called “pubtext”, by combining the title and the abstract
for each publication in the dataset. The abstract summarizes
the full contribution or content of a publication in a short and
definitive manner, hence; it contains a lot of useful information.
Despite being very short and limited, the title of a publication
may also provide some complementary informative keywords
and/or keyphrases that may not necessarily be present in the
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abstract section. These reasons motivated us to merge titles
and abstracts to obtain a more precise representation of the
publications' content 1 Scopus does not provide the full text of
publications. . We applied several preprocessing steps to pubtext
as follows: 1) lowercase conversion, 2) stop words removal, using
a comprehensive custom list that included common English
stop words plus a list of curated lists of stop words generated by
our team and tailored for publication data analysis (n=1,983),
3) special character correction, 4) punctuation removal, 5)
tokenization and 6) stemming, i.e., reducing terms (tokens) to
their root form. Using the processed text data, we then created
a document-term frequency matrix in which rows represent
publications, columns represent the tokenized stems and each
cell value is the number of appearances of a given term in a
given publication. The final processed dataset comprises 10,113
publication records, encompassing 4,359 articles (including
those in press and data papers), 5,199 conference papers and 210
books and book chapters. Additionally, the dataset includes 345
records categorized as reviews, surveys, letters and editorials. The
methodological framework is explained in the next section in
detail.

METHODOLOGY

The analytics engine of this study contains three main components,
i.e., temporal trend verification, temporal text complexity analysis
and topic evolution analysis. In this section, these components
are explained in detail.

Temporal trend verification

Prior to analyzing the temporal evolution of research topics in
scientific publications about underwater sensing technologies, we
first verified the existence of the temporal trend. For this purpose,
we applied the correspondence analysis (CA)™ to the generated
Document-Term Frequency (DTF) matrix, as explained in Section
“Data”. The generated DTF matrix was first split into 23, i.e., the
number of the annual intervals in [2000,2022], Term-Frequency
(TF) matrices by filtering on the year of publications. To reduce
noise and increase the precision, we excluded terms for which
frequency was less than 20 each year. To improve specificity, we
also removed common terms, i.e., terms that were present in more
than 60% of the publications each year. The filtered TF matrices
were combined and using the CA algorithm, were mapped
to a 2-dimension (2D) space by extracting the first 2 principal
components. The 2D map provides a visually understandable
representation in which noises are filtered out and could help to
understand general temporal patterns in the data and verify the
existence of a temporal trend.

Textual similarity analysis

After verifying the existence of temporal evolution in the
underwater sensing literature, the textual similarity between
publications in different years was investigated. This descriptive
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analysis helps to evaluate the evolution of research terminology
in the examined field. For this purpose, we took two approaches
as follows: 1) a common bag of words approach using the Term
Frequency-Inverse Document Frequency (TF-IDF) vectorizer
and 2) a modern contextual approach, i.e., Cross Encoder.!"”)

In the bag of words approach, TF-IDF represents each document
in a corpus as a vector of word frequencies and it calculates the
importance of each word in a document relative to the entire
corpus. In other words, TF-IDF measures the frequency of a word
within a document (TF) and the rarity of the word across the entire
corpus (IDF), without considering the context in which each
word appears. In this approach and by using TF-IDF, documents
with similar word distributions are considered similar, even if the
order and context of words may vary. In addition to not being
sensitive to the context, the vectors generated by the bag of words
approaches are high-dimensional and sparse, especially if the
number of documents is large.

Due to the mentioned drawbacks of the bag of words approach
and to complement our findings, we also used a modern
contextual approach, ie., Cross Encoder that considers the
context in which different words appear to measure textual
similarity. We used Hugging Face stsb-roberta-base model™!
which is a pre-trained sentence transformer model based on the
RoBERTa architecture,!' short for “Robustly optimized BERT
approach” and is fine-tuned for the Semantic Textual Similarity
(STS) task. Unlike TF-IDFE which focuses on word frequencies,
the CrossEncoder looks at the overall meaning of the texts,
making it more suitable for capturing nuanced similarities and
contextual understanding between documents in the corpus.

Topic extraction and evolution analysis

As the last step in analyzing the temporal evolution of underwater
sensing publications, we applied the Structural Topic Modeling
(STM) technique! to extract latent research topics and
estimate their temporal evolution. Topic Modeling (TM) is an
unsupervised machine learning technique that can automatically
summarize massive textual data by extracting latent semantic
themes, capturing the most prevalent subjects.'® TM has been
widely used across many disciplines and in many applications
such as economics,” information sciences,?® social media
analytics,?! cancer research,?” bio-informatics®® and new
diseases/pandemics,® to name a few.

Unlike static TMs that capture the topics at one moment, STM is a
temporal TM that allows capturing the evolution of topics across
time by incorporating document-level covariates of interest. In
our case, we incorporated the date of publications into the model
as the covariate of interest to analyze the temporal evolution of
the underwater sensing domain. For this purpose, the proportion
of each publication was regressed on the date of publication. STM
also calculates correlations between the extracted topics which
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help to better realize the dynamics of the examined domain. In
addition, similar to other TM techniques, STM requires no data
labeling. Motivated by these properties, we built an STM model
with an annual granularity on underwater sensing scientific
publications.

One of the main parameters of the algorithm is the number of
topics that should be set prior to the model-building process.
Finding the optimal number of topics quantitatively and
automatically is a challenging task,?” often leading to inaccurate
results.?*””) To overcome the limitations of a fully automatic/
manual approach, we applied a semi-automatic approach to find
the optimal number of topics. First, we built several baseline topic
models, varying the number of topics in the range.®* The top
keywords/keyphrases associated with each topic of the baseline
models as well as topic-word distributions were then analyzed.
Intuitively, topics of higher quality are more interpretable and
have fewer overlapping keywords.?®! To further narrow down
the range for the number of topics, we used an intrinsic topic
coherence evaluation metric, i.e., the C score.”” We found the
optimal number of topics to be in the range of.'**! We then
built 5 topic models with topic numbers in the mentioned range,
verified their keywords and concluded that the optimal number
of topics for the examined corpus is 18.

STM does not generate a label for the extracted topics which
makes the interpretation of the topics difficult, especially for
non-domain experts. We employed a multi-layer approach to
automatically generate representative labels for the extracted
topics. The approach had 5 steps as follows: 1) a random set
of papers were selected for each of the extracted topics, 2) the
selected papers were summarized using a pre-trained Text-To-
Text Transfer Transformer (T5) model,?” 3) the summaries were
combined, 4) using a pre-trained T5-based headline generator
model, a representative title was generated for the combined
summaries, 5) we repeated steps 1 to 4 fifteen times to generate
fifteen representative labels per topic. To ensure that the extracted
topics represent the examined field properly, the extracted topics
as well as the automatically generated labels were reviewed and
validated by senior scientists with expertise in underwater sensing
research from Defence Research and Development Canada and a
single topic label was assigned to each topic. Figure 1 shows the
conceptual flow of the analysis.

The pipeline contains 3 main components: 1) data collection
that collects underwater sensing publications within the
period of [2000, 2022], 2) data engineering and processing that
pre-processes the collected data and makes it ready for analysis
and 3) data analytics that first verifies the existence of a temporal
trend. It then performs a textual similarity analysis using two
different approaches. And finally, a structural topic model is
built, research topics are extracted and automatically labelled
and the evolution of the extracted research topics as well as their
correlation is analyzed. The automatically generated labels and
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topics' quality are verified by domain experts to ensure their
validity.

RESULTS

Descriptive analysis

By analyzing the authors' affiliations, the top countries that have
been working on underwater sensing in the examined data set
were extracted. The top-3 countries are: 1) China (n = 3190), 2)
the USA (n = 1956) and 3) the UK (n = 838). Canada stands in

Data collection

the 4™ place with 431 papers. Figure 2 shows the distribution of
underwater sensing publications, with navy blue and red bars
representing the total number of publications and Canadian
publications, respectively. As seen in the figure, although the
general trend is increasing, publications on underwater sensing
demonstrate a fluctuation, possibly attributable to the rapidly
evolving and interdisciplinary nature of underwater sensing
technologies. At the beginning of the examined period, from

2000 to 2003, the number of publications was few. However, the

Data engineering and processing
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Figure 2: The trend of underwater sensing publications between 2000 and 2022.
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number of publications has increased over time. The increase rate
was steeper in recent years, with a more than double increase from
2014 to 2021. The increasing rate of publications is a common
trend and has been observed in other domains as well (e.g., 271).
It should be noted that the observed growth could be partially
due to higher coverage of publications in recent years.

We did an initial exploratory analysis on the dynamics of the
examined field by performing a co-word analysis.*? Co-word
analysis may help to extract patterns and identify trends.* Figure
3 shows the co-occurrence networks of top-20 bigrams for year
in [2000, 2005, 2010, 2015, 2020 and 2022]. To refine the figures
further, we filtered out bigrams in which both terms were among

{e) 2010

e e hangemant
projgrods

dec
-y

ater .. bt

consgption  ProEe!
und

simglition

nailsal

regilts
(&) 2020

(f) 2022

Figure 3: Co-occurrence networks. Node size represents the degree of the node, i.e., the number of direct
connections. Font size is proportionate to the degree of the node.
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the top-3 most frequent terms, i.e., [underwater, sensor*, imag*].
As seen, underwater has been the term with the highest degree,
i.e., has been present in the most bigrams, in all examined periods

except for 2022 when sensor took its place.

Temporal trend verification

As the first step and before performing a temporal evolution
analysis, we verified the existence of a temporal trend in
the collected underwater sensing publications by running a
correspondence analysis on the most frequent terms extracted
from the publications. Figure 4 shows the result where a U-shape
curve is observed for years in the examined period. Based on the
distance of years, indicated by orange points in the figure, from the
axes and origin, the existence of a temporal trend is confirmed. In
addition, it is seen that papers published in 2004 and 2005 are the
farthest from the origin which may indicate a relatively different

research terminology/focus in the mentioned years.

Textual similarity analysis

As explained in Section “Textual similarity analysis, a
conventional TF-IDF-based bag of words approach and an
advanced transformer-based approach, i.e., Cross Encoder, were
used to analyze publications' similarity over time. Figure 5-a
shows the results of the textual similarity analysis using a bag of
words TF-IDF vectorizer. As seen, in general, similarities between

publications increased over time with publications in recent years

reflecting the highest similarity. Based on the performed analysis,
this increasing similarity shift seems to emerge around 2010.
Publications in 2002-2009 have had the lowest similarity to their
previous publications. And, research published in 2004-2005
has been less used in the following years. This is in line with our
findings in the previous section where a different terminology/
research focus was observed for research published in 2004-2005.
This could be an indication of a shift in research priorities.

To further investigate and provide a different perspective, we
also did textual similarity analysis using a modern contextual
approach, i.e., Cross Encoder (as explained in Section “Textual
similarity analysis”). Results are depicted in Figure 5-b. As seen,
research published in 2016 has been the most similar to studies
in previous years, i.e., 2000-2015, while the similarity decreased
after 2016. Similarity scores of publications in 2022 are also
noticeable. In this respect, publications in 2020 and 2021 are
of note as they have been the least similar to previous periods.
Overall, a sinusoidal pattern of similarity is observed where
a relatively high similarity in a couple of years is followed by a
relatively low similarity in the following period.

Structural topic modeling

Topic modeling results are presented in this section. First,
the extracted topics are listed. Next, the topics' correlations
are analyzed. And, finally, the temporal evolution of the main
research themes in the field of underwater sensing is investigated.

® Terms
® ear

Component 2

Ao S
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2005

—0.25

—0.50
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Figure 4: Temporal trend verification by running a correspondence analysis on the frequent terms
that appeared in the underwater sensing publications from 2000 to 2022. Orange points represent
years. Blue points represent the frequent terms.

Journal of Scientometric Research, Vol 13, Issue 2, May-Aug, 2024

567



Ebadi, et al.: Scientometric Insights into Underwater Sensing Technologies

Extracted topics

As explained in Section “Topic extraction and evolution analysis,
we used structural topic modeling!” to extract 18 research themes
from the collected underwater sensing publications. The year of
publication was used as the covariate which was used to assess
the temporal evolution of publications. The extracted topics are
as follows:

Topic 1: Underwater imaging

Topic 2: Wireless sensor networks

Topic 3: Autonomous Underwater Vehicles (AUVs)
Topic 4: Underwater image processing techniques
Topic 5: Sonar for target/submarine detection
Topic 6: Sensor systems

Topic 7: Maritime security

Topic 8: Machine/deep learning for underwater object detection/
classification

Topic 9: Network architectures, protocols and routing
Topic 10: Maritime anomaly detection

Topic 11: Underwater optical imaging

Topic 12: Underwater sensor networks

Topic 13: Underwater acoustic communications
Topic 14: Target tracking

Topic 15: Subsea sensing and monitoring

Topic 16: Anti-submarine warfare

Topic 17: Marine environment
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Topic 18: Underwater research and applications

Figure 6 shows the word clouds of the above-listed topics using
stems of their representative keywords. The stem of a term is
basically its root form, which helps group together different
variations of the same word. For example, if we have the words
“detecting”, “detected”, and “detects”, their stem would be “detect”.
We set the maximum number of words to be plotted at 120 and
set the minimum frequency for a term at 3. The size of the term
represents its importance in the given topic that is the larger the
term the more common it was.

Topics correlation analysis

By showing interrelationships between the extracted topics,
Figure 7 provides insights on topics that are likely to co-appear in
a set of publications. As seen in Figure 7-a, most of the extracted
topics are negatively correlated, e.g., (Topic 1, Topic 2), meaning
that it is unlikely for them to occur in the same publication set.
We can also observe pairs with no or very minor correlation, e.g.,
(Topic 3, Topic 15). Figure 7-b depicts the correlation graph of
the extracted topics, showing only positive correlations. Node
size represents the coverage of the topic and the thickness of the
edge indicates the correlation coefficient. The highest positive
correlation is observed for (Topic 2, Topic 9), followed by (Topic
2, Topic 12), (Topic 2, Topic 18) and (Topic 1, Topic 4) pairs
in descending order. These interrelations are quite expected.
Topic 2 is about wireless sensor networks which are related to
network architectures and protocols (Topic 9), underwater sensor
networks (Topic 12) and underwater research and applications
(Topic 18). These highly correlated topics are well illustrated
by the increasing research trend towards the implementation
of the Internet of Underwater Things (IoUT).***) Underwater
imaging (Topic 1) is also positively correlated to image processing
techniques (Topic 4).
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Figure 5: Textual similarity analysis.
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Figure 6: Word clouds of the extracted topics. Font size represents the importance of the term. The numbers in parentheses
located in the top left corner of each word cloud indicate the corresponding topic number.
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Figure 7: Topics correlations. Node size in the graph represents the coverage of a topic. The thickness of the edges in the graph represents
the correlation coefficient.

Temporal evolution analysis

Figure 8 shows the expected prevalence of the extracted topics over
time. Shaded areas in the figure indicate 95% confidence intervals.
As observed, 10 topics (i.e., Topics 1-2, 4, 7-10, 12, 14-15 and 18)
followed an increasing trend during the examined period. The
increasing slope for Topic 15, i.e., subsea sensing and monitoring,
is lower than others. Underwater imaging (Topic 1) and research
on image processing techniques (Topic 4) experienced a sharp
increase. This combined with the increase observed in employing
Al techniques for underwater object detection/classification
(Topic 8) and underwater research and applications (Topic 18)
may indicate a recent research direction toward applying Al and
computer vision to the field of underwater sensing. Wireless and
underwater sensor networks (Topics 2 and 12) also experienced
an increasing trend. Maritime anomaly detection (Topic 10)
also increasingly attracted the attention of researchers. The
other 8 topics (i.e., Topics 3, 5-7, 11, 13 and 16-17) experienced
a decreasing trend. Despite the increase observed in advanced
image processing and computer vision techniques, research on
underwater optical imaging (Topic 11) followed a decreasing
trend. The decrease in marine environment research (Topic 17)
and AUVs (Topic 3) are noticeable.

DISCUSSION AND CONCLUSION

Understanding and analyzing the landscape of underwater
sensing technologies is of paramount importance due to the
critical role these technologies play in addressing various
environmental, scientific and industrial challenges. Underwater
sensing facilitates the monitoring and conservation of marine
ecosystems, enables efficient resource exploration, aids in disaster
response and recovery efforts and enhances our understanding of
climate change impacts on oceans. Moreover, these technologies
also have several defence and security applications, such as
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maritime surveillance, mine detection, communication cable
protection and anti-submarine warfare.

The field of underwater sensing research is a large one and evolving
that would be difficult to properly characterize without an
automated and systematic approach. Our proposed Al-powered
solution identified 18 key topics that offer a comprehensive and
logical coverage of the research field. The amount of scientific
publications has been growing in almost all disciplines®>! and
underwater sensing is no exception. However, our results show
that nearly half of the topics identified (8 out of 18) are on a
decreasing trend.

Overall, a decrease/increase in a specific research interest is a
natural part of the scientific process, as researchers continuously
seek new challenges and opportunities for advancements in
the field. The observed temporal decrease could be due to
several reasons such as saturation of the topic, technological
limitations, shifting priorities, emergence of new trends, market
dynamics and lack of demands, to name a few. On the other
hand, a research topic may experience a temporal increase for
various reasons such as emerging challenges and pressing issues,
technological advancements, cross-disciplinary applications,
policy and regulatory changes, collaboration and knowledge
exchange and academic interest, to name a few. Although
understanding the reasons behind these declines/inclines can
inform decision-makers on how to better foster innovation
in underwater sensing technologies, this would be difficult to
investigate due to the complex dynamics in research activities.

As the field of underwater sensing is continuously evolving with
the emergence of new technologies and research directions,
decision-makers face the challenge of keeping up with the
rapidly changing landscape. The fact that the analysis workflow
is largely automated is significant and the proposed AI-powered
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Figure 8: Temporal evolution of main research themes in underwater sensing. The shaded areas between the dotted lines indicate
the 95% confidence interval.
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approach, leveraging natural language processing and machine
learning, can significantly assist decision-makers by providing a
comprehensive and up-to-date analysis of the temporal evolution
of research topics in underwater sensing. Extracting topics
algorithmically allows us to process thousands of publications,
while removing subjectivity from the analysis and enabling
consistent comparisons between topics and between time
intervals. By identifying emerging trends and highlighting the
most relevant areas of investigation, this approach can empower
decision-makers to make informed choices regarding resource
allocation, investment and policy formulation, ultimately leading
to more effective and sustainable advancements in underwater
sensing technologies.

Although we focused on underwater sensingas the case technology,
the methodology utilized in this study shows promise for broader
applicability beyond underwater sensing. It has the potential to be
employed in various domains marked by disruptive technologies
to provide insights into research landscapes recognize emerging
trends and guide decision-making processes. Automation also
means that this kind of insight can be generated quickly, even for
complex research fields that produce thousands of papers every
year. Accordingly, it allows analysts to better understand the
dynamics of a particular research field and make evidence-based
recommendations to decision-makers from the public and
private sectors. This is particularly important for technologies
such as underwater sensing, given the environmental, economic
and military applications of these technologies.

LIMITATIONS AND FUTURE WORK

We used a collection of scientific publications to study the
characteristics and landscape of underwater sensing research over
the period from 2000 to 2022. Data for 2022 was not complete at
the time of our data collection, however, we decided to include
it in the study due to multiple reasons such as the high volume
of publications and comparison purposes. Future research can
use more recent data. Future research may also consider using
other data sources, e.g., patents. Our proposed pipeline extracts
high-level research themes. Future work may consider other
levels of abstraction. Finally, we did not have access to the full
text of publications. Analyzing other sections of publications, e.g.,
the method section, and the full text could be a potential future
research direction.
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APPENDIX A. Search query

Below is the search query utilized to retrieve publications related
to underwater sensing technologies from Elsevier’s Scopus (data
were collected on September 14, 2022):

((((TITLE-ABS-KEY ("underwater surveillance" OR "underwater
threat detect*"
intrusion*" OR ("underwater sensor*' W/5 (surveillance OR
threat* OR network*))) OR TITLE-ABS-KEY((underwater
OR "under water" OR undersea OR "under sea”" OR subsea OR
sub-sea OR "under ocean” OR sub-ocean) AND (object OR
objects) AND ("human made" OR manmade OR man-made
OR "man made") AND (detect* OR sensor OR sensing))) AND
PUBYEAR > 1989) OR ((TITLE-ABS-KEY((underwater OR
"under water" OR undersea OR "under sea" OR subsea OR
sub-sea OR "under ocean" OR sub-ocean) W/2 (surveillance OR
target OR threat OR sensor OR intru* OR sensors OR sensing
OR detect* OR militar*)) AND TITLE-ABS-KEY(submarine*
OR anti-submarine* OR antisubmarine OR threat* OR collision*
OR countermeasure* OR bomb* OR mine OR mines OR
anomal* OR depth-charge* OR terroris* OR "magnetic object*"
OR ferromagnetic OR "explosive device*" OR ordnance* OR
weapon*) AND NOT TITLE-ABS-KEY(cable OR pipelines OR
bird OR medicine OR threatened)) AND PUBYEAR > 1989)
OR ((TITLE-ABS-KEY (submarine W/2 (detect* OR sensing OR
sensor OR ident* OR track* OR hunt*) OR antisubmarine OR
anti-submarine OR "anti submarine") AND NOT TITLE-ABS-
KEY/(cable* OR pipe* OR landslide* OR groundwater OR seismic
OR earthquake*)) AND PUBYEAR > 1989) OR ((TITLE-ABS-
KEY("underwater detection" OR "underwater surveillance" OR
(underwater W/2 intru*) OR (underwater PRE/1 tracking))
AND PUBYEAR > 1989) OR ((AUTHKEY (underwater W/2
(image OR imaging))) OR (TITLE(underwater W/2 (image
OR imaging)) AND PUBYEAR > 1989))) OR (TITLE-ABS-
KEY (("under ice" OR (under PRE/1 ice) OR (under PRE/1
snow)) W/5 (detect* OR identif* OR recogni* OR track* OR
sensing OR sensor OR imaging)) AND PUBYEAR > 1989)
OR (TITLE-ABS-KEY("underwater object*" W/2 (detect* OR

OR '"underwater anomal*" OR "underwater
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identif* OR recogni* OR track* OR sensing)) AND PUBYEAR
> 1989) OR ((TITLE("underwater acoustic sensor network*" OR
uasn* OR "underwater wireless sensor network*" OR uwsn*) OR
AUTHKEY ("underwater acoustic sensor network*' OR uasn*
OR "underwater wireless sensor network*" OR uwsn*)) AND
PUBYEAR > 1989)) OR (((((((TITLE-ABS-KEY("underwater
surveillance” OR "underwater threat detect*" OR "submarine
sensing” OR OR
detection” OR "submarine tracking” OR "submarine hunting")
OR TITLE-ABS-KEY("underwater anomal*" OR "underwater
intrusion*” OR ("underwater sensor*" W/2 (surveillance OR
threat* OR network*))) OR TITLE-ABS-KEY((underwater
OR "under water" OR undersea OR "under sea" OR subsea OR
sub-sea OR "under ocean" OR sub-ocean OR maritime) AND
object* AND (manmade OR man-made OR "man made") AND
(detect* OR sens*))) AND SUBJAREA(mult OR ceng OR chem
OR comp OR eart OR ener OR engi OR envi OR mate OR math
OR phys OR mult OR arts OR busi OR deci OR econ OR psyc
OR soci) AND PUBYEAR > 1989) OR ((TITLE-ABS-KEY((
underwater OR "under water" OR undersea OR "under sea"
OR subsea OR sub-sea OR "under ocean” OR sub-ocean OR
maritime) W/5 (surveillance OR sensor OR sensors OR sensing
OR detection OR militar*)) AND TITLE-ABS-KEY((submarine*
OR anti-submarine* OR antisubmarine OR threat* OR collision*
OR countermeasure* OR bomb* OR mine OR mines OR
anomal* OR depth-charge* OR terroris* OR "magnetic object*"

"submarine identification” "submarine

OR ferromagnetic OR "explosive device*" OR ordnance* OR
weapon*))) AND SUBJAREA (mult OR ceng OR chem OR comp
OR eart OR ener OR engi OR envi OR mate OR math OR phys
OR mult OR arts OR busi OR deci OR econ OR psyc OR soci)
AND PUBYEAR > 1989)) OR (TITLE-ABS-KEY((underwater
OR "under water" OR undersea OR "under sea" OR subsea
OR sub-sea OR "under ocean" OR sub-ocean OR maritime)
W/15 (surveillance OR detect* OR monitor* OR militar* OR
terroris* OR warfare* OR submarine* OR anti-submarine* OR
antisubmarine OR threat* OR collision* OR countermeasure*
OR bomb* OR mine OR mines OR anomal* OR depth-charge*
OR "magnetic object*" OR ferromagnetic OR explosive* OR
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ordnance* OR weapon*) W/15 (sensor OR sensors OR sensing))
AND SUBJAREA (mult OR agri OR bioc OR immu OR neur OR
phar OR mult OR ceng OR chem OR comp OR eart OR ener
OR engi OR envi OR mate OR math OR phys OR mult OR arts
OR busi OR deci OR econ OR psyc OR soci) AND PUBYEAR
> 1989)) AND NOT((TITLE-ABS-KEY ((oil OR gas) W/5 (spill*
OR leak*)) OR TITLE-ABS-KEY (aircraft) OR TITLE-ABS-
KEY (earthquake* OR tsunami*)) AND SUBJAREA(mult OR
medi OR nurs OR vete OR dent OR heal OR mult OR ceng OR
chem OR comp OR eart OR ener OR engi OR envi OR mate OR
math OR phys OR mult OR arts OR busi OR deci OR econ OR psyc
OR soci) AND PUBYEAR > 1989)) AND NOT((TITLE(pipeline
OR '"pipe line*") OR TITLE-ABS-KEY( groundwater) OR
TITLE-ABS-KEY(s0il)) AND SUBJAREA(mult OR medi OR
nurs OR vete OR dent OR heal OR mult OR ceng OR chem OR
comp OR eart OR ener OR engi OR envi OR mate OR math OR
phys OR mult OR arts OR busi OR deci OR econ OR psyc OR soci)
AND PUBYEAR > 1989)) AND NOT((KEY (pipeline OR "pipe
line*" )) AND SUBJAREA(mult OR medi OR nurs OR vete OR
dent OR heal OR mult OR ceng OR chem OR comp OR eart OR
ener OR engi OR envi OR mate OR math OR phys OR mult OR
arts OR busi OR deci OR econ OR psyc OR soci) AND PUBYEAR
> 1989))) OR ((TITLE("underwater imaging") OR AUTHKEY (
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"underwater imaging"))) AND (LIMIT-TO(PUBYEAR,2022) OR
LIMIT-TO(PUBYEAR,2021) OR LIMIT-TO(PUBYEAR,2020)
OR LIMIT-TO(PUBYEAR,2019) OR
LIMIT-TO(PUBYEAR,2018) OR LIMIT-TO(PUBYEAR,2017)
OR LIMIT-TO(PUBYEAR,2016) OR
LIMIT-TO(PUBYEAR,2015) OR LIMIT-TO(PUBYEAR,2014)
OR LIMIT-TO(PUBYEAR,2013) OR LIMIT-TO
(PUBYEAR,2012) OR LIMIT-TO(PUBYEAR,2011) OR
LIMIT-TO(PUBYEAR,2010) OR LIMIT-TO(PUBYEAR,2009)
OR LIMIT-TO(PUBYEAR,2008) OR
LIMIT-TO(PUBYEAR,2007) OR LIMIT-TO(PUBYEAR,2006)
OR LIMIT-TO(PUBYEAR,2005) OR
LIMIT-TO(PUBYEAR,2004) OR LIMIT-TO(PUBYEAR,2003)
OR LIMIT-TO(PUBYEAR,2002) OR
LIMIT-TO(PUBYEAR,2001) OR LIMIT-TO(PUBYEAR,2000)
OR LIMIT-TO(PUBYEAR,1999) OR
LIMIT-TO(PUBYEAR,1998) OR LIMIT-TO(PUBYEAR,1997)
OR LIMIT-TO(PUBYEAR,1996) OR
LIMIT-TO(PUBYEAR,1995) OR LIMIT-TO(PUBYEAR,1994)
OR LIMIT-TO(PUBYEAR,1993) OR
LIMIT-TO(PUBYEAR,1992) OR LIMIT-TO(PUBYEAR,1991)
OR LIMIT-TO(PUBYEAR,1990))
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