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ABSTRACT
Marine passive acoustic monitoring (PAM) has produced petabytes of 
data that are used by researchers, resource managers, industry, and 
regulators to understand how marine animals use sound and the 
impacts of anthropogenic noise on species and ecosystems through
out the global ocean. These big data provide unprecedented oppor
tunities to study underwater soundscapes but also enormous 
challenges to efficiently extract information. To address these chal
lenges, the Sound Cooperative (SoundCoop) project built community- 
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focused cyberinfrastructure to promote improved, scalable and sus
tainable processing and access of marine PAM data for management, 
science, industry and military applications. Driven by cross-institutional 
participation representing a diversity of data collection methods and 
conditions, SoundCoop established guidance for standardized proces
sing of ocean sound level metrics using freeware software toolkits and 
developed core tools and processes that support open science. Four 
comparative analyses that connect PAM monitoring efforts and inte
grate non-acoustic data illustrate how interoperable sound level 
metrics support a more coherent and synoptic perspective on ocean 
soundscapes using methods that current and future PAM projects can 
leverage. Such a framework around PAM big data offers the opportu
nity to revolutionize large-scale marine ecology and oceanography in 
similar ways to other transformative approaches for understanding 
environmental patterns and processes at global scales.

analysis-readydatasets; AI/ 
ML-ready datasets

1. Introduction

Big data, characterized by its high volume, velocity, veracity, variety, and value, have revolu
tionized how we collect, analyze, and interpret information across diverse fields (Li et al., 2023; 
Vance et al., 2024). Passive acoustic monitoring (PAM), an example of big data, provides 
unprecedented opportunities to study soundscapes and their ecological and anthropogenic 
drivers across terrestrial, freshwater, and marine environments (Desjonquères et al., 2020; 
Duarte et al., 2021; Greenhalgh et al., 2020; Rasmussen et al., 2024; Ross et al., 2023). 
Specifically, marine PAM is employed throughout the global ocean by academic researchers, 
resource managers, industry, and military to understand how marine animals use sound and 
the impacts of anthropogenic noise on species and ecosystems, including how ocean 
soundscapes are affected by change (Affatati et al., 2022; Caiger et al., 2020; Davis et al.,  
2020; Delarue et al., 2022; Duarte et al., 2021; Hatch et al., 2016; Mariani et al., 2024; McKenna 
et al., 2024; Miksis-Olds et al., 2013; Pearson et al., 2023; Possenti et al., 2024; Rice et al., 2021; 
Ryan et al., 2021; Transue et al., 2023; Tribble et al., 2023; Van Parijs et al., 2023; ZoBell et al.,  
2024) (Table 1). These diverse drivers for data collection coupled with cheaper and thus more 
accessible instrumentation, longer deployment periods and an increasing variety of deployed 
sensors have led to an exponential growth of PAM data over the past decade (Gibb et al.,  
2019; Howe et al., 2019; Kowarski & Moors-Murphy, 2021).

With this large variety of PAM users and uses (Table 1), it is not surprising that tremendous 
progress has been made by individual projects, spanning regional to national scales and across 
multiple years, to develop practices for data curation, management, integration, and visualiza
tion. While not exhaustive, Box 1 provides examples of the progress made in these areas. As the 
PAM community moves toward international standardization for soundscape measurements, 
several best practices documents were published (Consortium for Ocean Leadership, 2018; 
International Quiet Ocean Experiment, 2019; International Whaling Commission, 2014) and 
have been implemented among long-term monitoring projects (e.g., Miksis-Olds et al., 2025).

Previous analyses demonstrated the value of exploring data from separate monitoring 
projects by leveraging their centralized availability and a standardized soundscape measure
ment (Wall et al., 2021); however, scalable methods for interpretation and comparison that are 
generalizable for broader meta-analysis or community adoption lag, and thus hindering

2 C. C. WALL ET AL.



Table 1. Diverse applications of PAM, including examples of the user-community and their applica
tions of the data.

User Community
Applications for Passive Acoustic Monitoring Big 

Data Example References

Offshore 
industries

Offshore energy companies: siting, permit 
applications, monitoring plan designs, 
protected species compliance 
Ports and maritime transport organizations: 
routing, traffic assessments

ZoBell, Vanessa M., et al. “Retrofit-induced 
changes in the radiated noise and monopole 
source levels of container ships.” PLOS ONE 
18.3 (2023): e0282677.

Federal action 
agencies

BOEM: NEPA environmental assessment for 
offshore development 
U.S. Navy and U.S. Coast Guard: Testing/ 
training and port access

Van Parijs, Sofie M., et al. “NOAA and BOEM 
minimum recommendations for use of 
passive acoustic listening systems in offshore 
wind energy development monitoring and 
mitigation programs.” Frontiers in Marine 
Science 8 (2021): 760840.

State and federal 
natural 
resource 
agencies

NOAA Fisheries: Integrated Ecosystem 
Assessment, essential fish habitat/habitat of 
particular concern-spawning fish monitoring, 
Endangered Species Act/Marine Mammal 
Protection Act-cetacean monitoring 
NOAA ONMS: condition reports, management 
plans; California Ocean Protection Council, 
West Coast Regional Alliance 
New York State Department of Environmental 
Conservation: New York Bight Whale 
Monitoring Program

Bolgan, Marta, et al. “Use of passive acoustic 
monitoring to fill knowledge gaps of fish 
global conservation status.” Aquatic 
Conservation: Marine and Freshwater 
Ecosystems 33.12 (2023): 1580–1589.

Academic and 
industry big 
data users

Machine learning and artificial intelligence 
techniques applied to oceanographic and 
ecological studies

Frasier, Kaitlin E. “A machine learning pipeline 
for classification of cetacean echolocation 
clicks in large underwater acoustic datasets.” 
PLoS Computational Biology 17.12 (2021): 
e1009613.

Cross-federal to 
international 
organizations

Council on Environmental Quality-SOST 
Interagency Ocean Sound and Marine Life 
Task Force COVID soundscape study 
United Nations International Maritime 
Organization’s ship quieting initiatives 
International Quiet Ocean Experiment Science 
Plan initiatives 
Global Ocean Observing System (GOOS) 
Essential Ocean Variable implementation plan

Miksis-Olds, Jennifer L., et al. “Envisioning 
a global multi-purpose ocean acoustic 
network.” Marine Technology Society Journal 
55.3 (2021): 78–79.

Academic 
acousticians

Project PIs who collect PAM data for research 
purposes and/or teaching students, or for 
science communication

Parsons, Miles JG, et al. “A Global Library of 
Underwater Biological Sounds (GLUBS): An 
online platform with multiple passive 
acoustic monitoring applications.” The 
Effects of Noise on Aquatic Life: Principles 
and Practical Considerations. Cham: Springer 
International Publishing, 2024. 2149–2173.

Environmental 
consultants

Companies who provide services that could 
encompass characterizing industrial noise, 
biological sounds, and shipping activity

Austin, Melanie E., S. Bruce Martin, and Craig 
R. McPherson. “Measurements of underwater 
radiated noise from mobile offshore drilling 
units.” The Effects of Noise on Aquatic Life: 
Principles and Practical Considerations. Cham: 
Springer International Publishing, 2024. 
1683–1696.

Non-profit 
organizations

Organizations who collect and use passive 
acoustic data, typically—but not exclusively 
—for marine mammal observations and/or 
science popularization

https://www.raincoast.org/noisetracker/ 
Vergara, Valeria, et al. “Effects of vessel noise 
on beluga (Delphinapterus leucas) call type 
use: ultrasonic communication as an 
adaptation to noisy environments?” Biology 
Open 14.3 (2025): bio061783.
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Box 1. Passive Acoustic Monitoring Big Data Projects

This is not an exhaustive list and intends to highlight efforts in the two decades that the collaborative framework 
presented here has been built from. This list only includes projects that have a significant PAM data collection 
component of the project. Other projects not listed (e.g., International Quite Ocean Experiment (IQOE): https://iqoe. 
org/) serve as more of a coordination role in PAM Big Data. All websites last accessed on Jan. 15, 2025
NOAA Fisheries Ocean Acoustics Program | 2006–current | https://www.fisheries.noaa.gov/national/science- 
data/ocean-noise
Regional ocean noise activities and programs are conducted across NOAA Fisheries offices to support a multitude 
of monitoring objectives to better understand fish and marine mammal populations, and to inform how different 
anthropogenic noise sources might impact protected species. The result is petabytes of PAM data and a wealth of 
marine mammal detections collected over decades and throughout U.S. waters.
Ocean Noise Reference Station (NRS) | 2014–current | https://www.pmel.noaa.gov/acoustics/noaanps-ocean- 
noise-reference-station-network
The objective of the project is to establish a network of ocean noise reference stations in U.S. waters to monitor 
long-term changes and trends in the underwater ambient sound field. The identical autonomous acoustic 
recording systems were developed and built in-house at Pacific Marine Environmental Laboratory to ensure 
proper calibration and consistency of the collected data sets. This unique network of hydrophones is 
a collaborative effort between OAR’s Pacific Marine Environmental Laboratory, all NMFS Science Centers, the 
NOS National Marine Sanctuary System, and the National Park.
Sanctuary Soundscape Monitoring Project (SanctSound) | 2018–2021 | https://sanctsound.ioos.us/
This project was led by NOAA’s Office of National Marine Sanctuaries and the U.S. Navy to better understand 
underwater sound within the National Marine Sanctuary System. The agencies worked with numerous scientific 
partners to study sound within seven national marine sanctuaries and one marine national monument, which 
included waters off Hawai`i and the east and west coasts. The project generated large volumes of raw audio, 
standardized sound level metrics, and single sound source detections for all sites.
Office of National Marine Sanctuaries Sound Monitoring Program (ONMS Sound) | 2022–current | https:// 
sanctuaries.noaa.gov/science/monitoring/sound/
This program coordinates monitoring across the National Marine Sanctuary System to study sound within ten 
existing and two proposed national marine sanctuaries off the US East Coast, in the Gulf of Mexico, off the West 
Coast and in the Pacific Islands region. ONMS Sound generates audio recordings and standardized sound 
measurements
Scripps Institution of Oceanography (Scripps) Whale Acoustic Lab (SWAL) & Marine Bioacoustic Research 
Collaborative (MBARC) | 2004–current | https://www.cetus.ucsd.edu/index.html & https://acoustics.ucsd.edu/
This long-term monitoring program aims to advance the study of marine animal population abundance, 
seasonality and behavior using acoustic techniques. In addition to generating petabytes of data, the team 
develops new acoustic instrumentation and analytical approaches to improve understanding of the ecology of 
marine animals and the impact of anthropogenic sounds on them.
Cornell University K. Lisa Yang Center for Conservation Bioacoustics | 2004–current | https://www.birds. 
cornell.edu/ccb/
This program conducts a broad range of terrestrial, aquatic, and marine bioacoustic research, often at large 
geographic scales. Many projects are focus on the conservation of endangered species, soundscape ecology, and 
the development of acoustic metrics to assess biodiversity and ecosystem health, generating multiple petabytes 
of PAM data.
Estuarine Soundscape Observatory Network in the Southeast (ESONS) | 2013–current | https://secoora. 
org/observations-systems/marine-life/
This network provides, long-term monitoring of soundscapes in estuaries of South Carolina, USA. These 
recordings provide information on the behavior of snapping shrimp, spawning patterns of fish, foraging patterns 
and communication of bottlenose dolphins, and noise levels associated with human activity. The long-term goal 
is to ‘eavesdrop’ on key behaviors of marine animals that can change rapidly or gradually in response to 
environmental changes and human impacts, thus providing a measure of resilience or shifting baselines in 
a globally changing environment.
Monterey Accelerated Research System (MARS) | 2015–current | https://www.mbari.org/technology/mon 
terey-accelerated-research-system-mars/
This cabled observatory hosted at the Monterey Bay Aquarium Research Institute facilitates long-term and real- 
time analyses from data collected in Monterey Bay. MARS’ omni-directional hydrophone records continuously 
within and outside of the human hearing range. MBARI staff developed methods to facilitate data access and use: 
raw data are processed to daily files of decimated data at 2 kHz and 16 kHz sample rates, high-resolution 
spectrograms for the full bandwidth of the recordings are accessible through a visual browsing interface, and all 
data are available freely through the Amazon Web Services Open Data Program, together with tutorials for 
research applications using open-source software.
Atlantic Deepwater Ecosystem Observatory Network (ADEON) | 2017–2021 | https://adeon.unh.edu/
This observatory network generated long-term measurements of both the natural and human factors active in 
this region, thus informing the ecology and soundscape of the U.S. Mid- and South Atlantic Outer Continental 
Shelf. The integrated data, including PAM, provided a mechanistic understanding of the cumulative impacts 
these factors have on marine resources and provided insight for ecosystem-based management efforts. Long-
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delivery of actionable metrics to meet diverse applications, exposing a need to strategically 
expand collaborative efforts.

The Sound Cooperative (SoundCoop) project was created to address challenges in PAM 
curation, processing, and sharing by developing innovative, community-oriented tools 
and processes that make it easier and more efficient to extract information from large 
datasets and compare across monitoring programs. Funded by three U.S. federal govern
ment agencies (National Oceanic and Atmospheric Administration [NOAA], Bureau for 
Ocean Energy Management [BOEM] and U.S. Navy), SoundCoop leveraged existing 
national and international datasets and management efforts, identified remaining gaps, 
and built capacity towards community-prioritized functionality. The project’s framework 
focused on cyberinfrastructure that 1) calculated a comparable, standardized sound level 
metric using freeware software for a variety of recording equipment; 2) developed 
a standardized file format for an interoperable metric output; 3) established workflows 
to access data from separate cloud repositories; 4) co-visualized sound levels and inte
grated them with environmental data in a performant, interactive public portal; and 5) 
published open-source tools for the community to replicate the project’s processing and 
visualization methods. The success of such applications relies on the ability to develop 
standard and broadly accessible data management mechanisms, and to continue to 
ensure that these mechanisms can scale effectively with increasing global participation. 
Here, we showcase the progress achieved through SoundCoop in addressing big data 
challenges for PAM, presenting the project as a model framework for tackling similar 
challenges across scientific fields, and distributing the best practices and approaches to 
a broader earth science community. We also present four analytical comparisons that

term observations of living marine resources and marine sound is intended to assist Federal agencies, including 
BOEM, ONR, and NOAA, in complying with mandates in the Endangered Species Act (ESA), Marine Mammal 
Protection Act (MMPA), and Sustainable Fisheries Act (SFA).
Acoustic and Environmental Observation Network (AEON) | 2022–current | https://eos.unh.edu/aeon
This network provides simultaneous, long-term monitoring of soundscapes and multiple acoustically relevant 
parameters such as marine mammal behavior and prey concentration at key locations where the effects of 
changes in the Labrador and Gulf Stream currents are projected to impact the Gulf of Maine.
Alfred Wegener Institute (AWI) Passive Acoustic Monitoring | 2006–current |
The Alfred Wegener Institute (AWI) in Germany conducts long-term PAM projects in the Arctic and the Antarctic 
including Frontiers in Arctic Marine Science (FRAM). FRAM focused on recording sound in the northern Greenland 
Sea to monitor for whales, seals, fish and invertebrates between Spitsbergen and Greenland.
Joint Monitoring Programme for Ambient Noise North Sea (JOMOPANS) | 2018–2021 | https://north 
searegion.eu/jomopans/
This project operationalized a coordinated monitoring of ambient noise in the North Sea across multiple 
European countries and agencies, which resulted in new documentation and tools for stakeholders to incorpo
rate ambient noise into assessments as well as public access to the decidecade sound level data on the 
International Council for Exploration of the Seas (ICES) database.
Open Portal for Underwater Soundscapes (OPUS) | 2020–current | https://opus.aq/
OPUS was developed by the International Quiet Ocean Experiment’s (IQOE) Data Office at AWI. This interactive 
visualization portal enables exploration and listening to large volumes of passive acoustic data. OPUS relies on 
metadata and assurance of quality control throughout the data processing and visualization steps for submitted 
datasets.
World Oceans Passive Acoustic Monitoring Day | 2023–current | https://www.wo-pam.com/
This global initiative coordinates the volunteer collection and submission of underwater sounds recorded on June 8 of 
each year to create a snapshot of the cacophony of noises generated by wildlife and humans. Data from over 400 sites 
all over the world were contributed to the 2023 collection. With these recordings, the WOPAM community will 
collaboratively explore what ocean sound means for animal behavior, biodiversity and ecosystem integrity.
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apply those best practices to demonstrate their utility and versatility in exploring ocean 
soundscapes.

2. Materials and methods

2.1. Broad community input

Given the international scope, multiple U.S. federal agency applications, and diverse 
applications (Table 1), the SoundCoop effort was guided by an advisory committee and 
several stakeholder engagement events. The advisory committee represented experts 
across federal agencies, academic institutions, and industry, namely the U.S. Navy’s Living 
Marine Resources Program and Office of Naval Research, BOEM, NOAA National Marine 
Fisheries Service (NMFS), NOAA Office of National Marine Sanctuaries, NOAA Integrated 
Ocean Observing System (IOOS), IOOS’ Northeastern Regional Association of Coastal 
Ocean Observing System, University of Colorado Boulder/NOAA National Centers for 
Environmental Information (NCEI), Axiom Data Science, Monterey Bay Aquarium 
Research Institute, the Regional Wildlife Science Collaborative for Offshore Wind, Alfred 
Wegener Institute (AWI) in Germany, International Quiet Ocean Experiment, and 
Rijkswaterstaat Ministry of Infrastructure and Water Management in Netherlands.

To avoid duplication and divergent products, we sought to promote the use of 
centralized assets (i.e., data and tools) where appropriate, leverage what has already 
been built for a larger group of stakeholders, and coordinate further development 
opportunities. Therefore, during the first phase of community input, the project’s steering 
committee collated and reviewed information on the status of existing national and 
international PAM data management tools in support of SoundCoop’s focus on enhancing 
longer-term and large-scale curation, access and interoperability. Previously collected 
PAM datasets were selected by the team that represent 12 disparate monitoring efforts 
with varying collection purposes and applications, 10 recording instruments deployed 
across 7 geographic regions spanning 17 years and varying sampling regimens (Figure 1).

Datasets were grouped into four categories:

(1) Long-time series recorded in the Arctic. Data were contributed from the NOAA 
NMFS Alaska Fisheries Science Center Arctic Long-Term Integrated Mooring Array 
(AFSC-ALTIMA), NOAA-National Park Service Ocean Noise Reference Station 
Network (NRS), and U.S. Navy-funded Scripps Whale Acoustic Laboratory (SWAL) 
projects (NOAA Alaska Fisheries Science Center Marine Mammal Laboratory 
[NOAA], 2023; NOAA OAR Pacific Marine Environmental Laboratory et al., 2023; 
Scripps Institution of Oceanography, 2023).

(2) Variation in recordings throughout 2021 across three geographic regions: Gulf of 
Maine, Southeast U.S., and Central California Coast. Gulf of Maine datasets were 
contributed from the Acoustic and Environmental Observation Network (AEON) 
program, NOAA-Navy Sanctuary Soundscape Monitoring (SanctSound) project, and 
NOAA NMFS Northeast Fisheries Science Center (NEFSC) monitoring project (NOAA 
Northeast Fisheries Science Center [NOAA], 2023; NOAA Office of National Marine 
Sanctuaries & U.S Navy, 2023; University of New Hampshire & Office of Naval 
Research, 2023). The Southeast U.S. dataset was recorded in the May River from

6 C. C. WALL ET AL.



the Estuary Soundscape Observatory Network in the Southeast (ESONS) project 
(Marian et al., 2021; Monczak et al., 2022; University of South Carolina Beaufort & 
IOOS SECOORA, 2023). The Central California Coast datasets were from MBARI 
Monterey Accelerated Research System (MARS) and the NRS project (Monterey 
Bay Aquarium Research Institute, 2023; NOAA OAR Pacific Marine Environmental 
Laboratory et al., 2023).

(3) Offshore wind monitoring. Sound data were contributed from a site off Virginia 
(Mid Atlantic) that was part of a BOEM-funded, Cornell University-led project as well 
as North Atlantic right whale (Eubalaena glacialis) upcalls detected off the New York 
Bight from a New York State Department of Environmental Conservation-funded, 
Cornell University-led (NYSDEC-Cornell) project (Cornell University & Bureau for 
Ocean Energy Management, 2023; Dugan et al., 2013; Estabrook et al., 2021).

(4) International comparisons. Two international (non-U.S.) datasets were contributed 
from AWI’s Frontiers in Arctic Marine Monitoring (FRAM) and the multiple European 
Union agency-led Joint Monitoring of Ambient Noise in the North Sea (JOMOPANS) 
projects (ICES, 2024; Knust, 2017; Soltwedel et al., 2013; Thomisch et al., 2023a).

The location of all SoundCoop sites is illustrated in Figure 2.
An in-person workshop held a year into the project served as a key opportunity to 

check in with SoundCoop participants. Since many who shared data were not directly 
involved in the mechanics of the project, it was important to be transparent about 
progress towards the project goals while also allowing participants to access the tools 
being developed and see data product visualizations. Through guided discussion and 
hands-on activities, participants were able to share feedback to the steering committee.

Figure 1. Scope of this SoundCoop project to build the collaborative framework for PAM big data. 
Breakdown of the datasets incorporated into this effort representing a variety of projects, recording 
systems, geographic regions, non-continuous time span of recording, and sampling regimens.
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During the third phase of community input, a hybrid-format workshop was held 
to allow broader participation especially from those working more broadly on big 
data challenges (e.g., NCEI World Ocean Database, NOAA Center for Artificial 
Intelligence, IOOS-funded Reaching for the Cloud project). The first session summar
ized the successes of this large undertaking, highlighting the enormous community 
efforts as well as key advances in metadata and data quality, and robust and 
repeatable methods. Sharing with a broader big data community raised awareness 
of complementary efforts and helped ensure longevity and scalability of the pro
gress made in SoundCoop. The final session focused on future pathways and 
included use and application demonstrations from different user communities 
(Table 1). These groups are currently building upon what was established in 
SoundCoop to operationalize the creation of standardized sound level metrics in 
an interoperable self-describing format for their programs. Lastly, we see this 
collaborative publication as the final phase to broad community input by creating 
a collective vision with immediately available tools and guidance we can all build 
from.

Figure 2. Location of all SoundCoop recording sites. Sites that are labeled are included in the Case 
study analyses presented in this paper. The colored dots for the sites in the Gulf of Maine inset 
correspond to the colored lines in the power spectrum plots in Figures 3 and 4. https://www.ncei. 
noaa.gov/products/passivepacker.

8 C. C. WALL ET AL.
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2.2. Standard outputs from open-source tools

Standard outputs from open-source tools benefit big data methodologies by ensuring 
consistency, accessibility, and efficiency in data analysis, and promote collaboration and 
sharing (Vance et al., 2024). Leveraging existing documentation and associated software 
for a broader community of PAM practitioners, all SoundCoop data (except for the 
NYSDEC-Cornell and JOMOPANS datasets) were processed into daily files of one-minute 
resolution hybrid millidecade (HMD) spectra (Martin et al., 2021a, 2021b). This method 
balances reduced data volume with suitable resolution of acoustic spectra for many 
soundscape analyses, focusing on finer resolution at lower frequencies with 1 Hz bins 
from 0 to 435 Hz and millidecade bins above 435 Hz (Martin et al., 2021a, 2021b). This 
soundscape metric was used here as a way to provide a high level, comparison-ready 
overview of data that are too large to explore directly. Further, open-source and freeware 
processing tools were chosen to calculate the HMD spectra to ensure the broader 
community can replicate the work without the barrier of paid licensing. The Making 
Ambient Noise Trends Accessible (MANTA) Matlab tool and the Python passive acoustic 
analysis tool for Passive Acoustic Monitoring (PyPAM) with PyPAM-Based Processing (PBP) 
wrapper were both used for processing (Miksis-Olds et al., 2021; Parcerisas, 2023; Rueda 
et al., n.d.). Collectively, over 14 million minutes of recordings were processed into HMD 
spectra, equating to nearly 30 years of sound levels. Participants preferred multiple soft
ware options to provide flexibility for the community with diverse processing capabilities 
and technical expertise. As a result, careful evaluation throughout multiple phases of the 
processing, from calibration to content of the output were required. Summaries of the 
processing methods and decisions are found in Appendix I (see 1. Software and 2. 
Evaluation).

To ensure interoperability in the software output and facilitate data sharing, 
a standardized netCDF file with complete, self-describing metadata was developed. 
Content on the netCDF structure is found in Appendix I (see 3. Standard Outputs) and 
metadata details are described in Appendix II. This new standardized output for PAM 
sound level metrics provides a common, standards-driven format that simplifies integra
tion across diverse datasets, reducing the time and effort required to process and analyze 
data from multiple sources. Included within is an effort variable that documents the 
number of seconds of acoustic recording that went into each HMD minute and a data 
quality matrix that provides a machine-readable way to mask frequency and/or time bins 
when HMD results are present but not calibrated or otherwise of degraded quality (see 4. 
Data Quality in Appendix I). The netCDF also includes a digital object identifier (DOI) for 
the respective project provided by the NOAA NCEI Passive Acoustic Data Archive, where 
the datasets are stewarded. DOIs are persistent identifiers that facilitate transparency, 
long-term stewardship, and citability of the datasets. Workflows built using open-source 
tools, which are generally widely accessible, that input these standard, machine-readable 
netCDFs further lower barriers for different user groups (de Visser et al., 2023; Tjernström 
et al., 2024; Wilkinson et al., 2024). Moreover, standardized outputs facilitate transparency 
and reproducibility, critical for fostering collaboration in big data projects (Kanterakis 
et al., 2018; Stoudt et al., 2024).
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2.3. Public repositories and data portals

Public repositories and data portals provide critical infrastructure for maximizing the 
utility of big data by ensuring accessibility and facilitating open science (Lnenicka & 
Nikiforova, 2021; Ramachandran et al., 2021). By hosting globally accessible data in 
standardized formats with complete, standards-driven metadata, data repositories 
enhance data discoverability and interoperability. This enables integration with other 
publicly accessible datasets and open-source tools, and ultimately meets FAIR (Findable- 
Accessible-Interoperable-Reproducible) principles (Jacobsen et al., 2020; Wilkinson et al.,  
2016). The comparable HMD spectra produced through SoundCoop were distributed 
across three freely accessible platforms: NCEI Passive Acoustic Data Archive Google 
Cloud Platform (GCP) bucket (https://console.cloud.google.com/storage/browser/noaa- 
passive-bioacoustic), MBARI Amazon Web Services (AWS) S3 bucket (https://registry.open 
data.aws/pacific-sound/), and Axiom Data Science Research Workspace (https://research 
workspace.com/intro/). Automated workflows leveraging Python libraries were devel
oped to programmatically access files from the GCP, AWS, and the Axiom’s Workspace, 
and published as a community resource (https://github.com/ioos/soundcoop). Ultimately, 
these repositories democratize data access, empowering a broader range of stakeholders 
—including policymakers, educators, and community organizations—to leverage big 
data for informed decision-making and innovative solutions.

To promote discoverability and demonstrate the value of standardized products for 
PAM housed in public repositories, an interactive data portal was developed that visua
lizes the SoundCoop datasets and integrates non-acoustic data from marine environmen
tal sensors (https://soundcoop.portal.axds.co/). Specifically, wind speed and wave height 
were accessed from the IOOS environmental sensor map (https://sensors.ioos.us/) and 
integrated into the SoundCoop data portal. The one-minute HMD spectra were divided 
based on wind speed and wave height bins that align with sea state based on the 
Beaufort scale: wind speed bins were <10 kts (Beaufort scale 0–3), 10–20 kts (Beaufort 
scale 4–5), and greater than 20 kts (Beaufort scale 6+) and significant wave height bins 
were <1 m (Beaufort scale 0–3), 1–3 m (Beaufort scale 4–5), and greater than 3 m (Beaufort 
scale 6+). One-degree resolution sea surface temperature values for a given site and 
month were extracted from the NOAA World Ocean Atlas 2023, WOA23 (Reagan & NOAA 
National Centers for Environmental Information, 2023; Reagan et al., 2024) to compute sea 
surface temperature climatologies for each site. Sea surface temperature anomaly was 
then calculated by subtracting the WOA 2023 derived temperature climatology from each 
measured sea water temperature value at that site for the recorded month.

A schematic of the processing workflow developed by SoundCoop, showing the steps 
from raw audio data to comparable and standardized sound level metrics that are cloud- 
hosted and accessible through the interactive SoundCoop portal, is provided in Appendix 
III. This appendix also includes links to specific code bases, access points and web pages 
with guiding principles. Appendix IV presents a schematic of SoundCoop’s workflow for 
accessing HMD spectra from different cloud and open-access repositories, leveraging the 
portal’s exploratory capabilities, and facilitating interpretation. It also references the 
project’s Github site, which hosts Python-based Jupyter Notebooks with tutorials and 
README files that support the workflow in Appendix III and enable additional processing 
of the calculated HMD spectra.
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2.4. Comparative analyses

A subset of the overall SoundCoop datasets are used here to provide concise examples of 
the versatility of HMD spectra and the benefit of comparable sound level metrics (Table 2).

Case Study 1 examines changing sound levels relative to a reference period. When 
a PAM program has been maintained over a long period of time, the resulting time series 
can be used to show how sound levels may be changing in a specific location on seasonal, 
annual, and interannual scales (Jalkanen et al., 2022; McDonald et al., 2006; McKenna et al.,  
2012; Merchant et al., 2016; Stafford, 2021). The AFSC-ALTIMA project has recorded sound 
in the Arctic since 2007 to monitor marine mammal distribution and migration timing 
(Danielson et al., 2022). To control for the influence of seasonal variation, including the 
influence of sea ice coverage on the soundscape, only sound levels from September 
months, a constant ice-free period at this location, were included. The project’s AU_CH01 
site is used here to compare how sound levels between 100 Hz and 1,000 Hz from HMD 
spectra vary over time. The reference year was defined as the earliest year in which there 
were over 80% “Good” quality minutes available, specifically 2009. The one-minute HMD 
spectra were median aggregated to one-day resolution and processed into a median 
power spectral density (PSD) for each available year’s September. A 5-kernel window size, 
one dimensional median filter was applied to the median PSD to remove impulsive 
artifacts. Years with “Good” quality minutes less than 80% of the expected total were 
omitted from the analysis. This threshold was applied to 2008, 2010–2015, and 2021. The 
September 2009 median PSD was subtracted from subsequent year’s September median 
PSD and plotted to illustrate relative change across years.

Case Study 2 compares sound levels across monitoring projects. A major benefit of 
producing a robust workflow to create standardized sound level metrics in an interoper
able format is that datasets from different monitoring programs across federated reposi
tories are now easily comparable. To illustrate this concept, we co-visualized HMD spectra 
from eight sites (AEON5, 37 M, MARS, Petit Manan, Monhegan Island, NRS11, SB01 and 
SB03) recorded across three geographic regions (Gulf of Maine, Southeast U.S., and 
Central California Coast) and six monitoring projects (AEON, ESONS, MARS, NEFSC, NRS, 
and SanctSound). The HMD netCDF files were pulled from three data repositories (GCP, 
AWS, and Axiom Workspace), processed into weekly aggregated median PSD that repre
sent sound levels recorded throughout 2021, and visualized.

Case Study 3 discovers dominant sound sources through indices. Producing standar
dized data products provides opportunities to target additional analyses that leverage the 
original quality-controlled product. The result is further insights that can be compared 
across space and time, although considering context for the analysis becomes even more 
relevant as further indices are derived (McKenna et al., 2021). To highlight what sources 
could be contributing to the soundscape and how their presence varies throughout 
the year at different locations, we leveraged established methods to identify blue whale 
(Balaenoptera musculus) B calls and fin whale (B. physalus) 20 Hz calls for deepwater 
recordings (Haver et al., 2020; Mellinger et al., 2009; Oestreich et al., 2020; Pearson et al.,  
2023; Širović et al., 2009, 2015). These methods use a call index (CI) to quantify the 
intensity of the calls relative to background noise applied here using the minute- 
resolution HMD netCDFs from the SoundCoop’s deepwater sites (>100 m): AEON5, 
MARS, and NRS11. For blue whales, the CI ratio was calculated as [42, 43 Hz]/[37, 50 Hz]
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where the third and strongest harmonic of B calls occurs between 42 and 44 Hz, and 37 
and 50 Hz represent frequency bands that would not include energy from a B call. The 
results are then binned to one-day resolution using the median. CI was calculated for fin 
whale calls using [20, 21 Hz]/[12, 34 Hz]. The CI results were then aggregated further to 
one-week resolution and plotted over time.

Finally, Case Study 4 advances interpretation of the sound levels through integration 
of environmental data. While PAM is still emerging in the big data landscape, monitoring 
of the physical environment at global scales is well established (e.g., wind speed, wave 
height) (Johnson et al., 2022; Jung & Schindler, 2019; Timmermans et al., 2020; Young 
et al., 2011; Zheng et al., 2016). These physical conditions provide insight on drivers of 
changes in soundscape. For example, surface agitation from wind and waves add acoustic 
energy to the ocean with known effects on the sound levels (Wenz, 1962). To demonstrate 
the value of data integration, HMD data from BOEM-VA, a PAM site in the North Atlantic 
near the mouth of Chesapeake Bay, was combined with wind speed, wave height, and sea 
surface temperature pulled from an open-source data repository (“gov-ndbc-44014” 
ERDDAP dataset). This buoy is located 82.9 km from BOEM-VA. The HMD spectra were 
median aggregated to one-hour resolution to match the hourly resolution of the wind 
speed, wave height and water temperature data for data recorded from August 28 to 
September 10, 2016. Hourly median PSD was calculated for time periods associated with 
Beaufort scale 0–3, Beaufort scale 4–5, and Beaufort scale 6+, and temperature anomaly 
bins of <2 °C; -2 °C  < 0° C; 0 °C < 2 °C; >2 °C.

Collectively, these comparisons elucidate important components of our ocean sounds
capes, how they vary by region and over time, and the utility of the HMD data product for 
insights from PAM data. All analyses were performed in Python using Jupyter Notebooks 
run on a local JupyterLab. The Jupyter Notebooks can be found in the SoundCoop 
project’s Github repository (https://github.com/ioos/soundcoop) and visualizations of 
the datasets can be found in SoundCoop data portal.

3. Results

3.1. Case study 1: Change relative to reference period

The comparison presented here for sound levels recorded in AU_CH01 during September 
for 2009, 2016–2020 and 2022 provides initial insight on the dominant patterns of change 
in ocean sound (Figure 3). Generally, sound levels recorded above 300 Hz were higher in 
amplitude for years following 2009 with 2016 and 2018 reaching over 4 dB higher. Lower 
frequency (100–300 Hz) sound levels were up to 2 dB lower in 2019 and 2022 compared to 
2009 and up to 7 dB lower than 2018. Sounds from biological (e.g., migrating whales), 
physical (e.g., higher sea states due to storms), and anthropogenic (e.g., noise from 
vessels) sources all contribute to the overall soundscape, therefore, these broad patterns 
in sound levels over 7 years inform additional analysis, including what frequency bands to 
focus on.
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3.2. Case study 2: Comparisons across monitoring projects

While the value demonstrated here mainly focuses on the interoperability of standard 
data products, broad differences emerge from this comparison, relating to the oceano
graphic settings (Figure 4). In the Gulf of Maine, sound levels at the deepwater AEON5 site 
were consistently higher than the shallower SB01 and SB03 sites, likely due to the more

Figure 3. Change relative to reference period at a long-term PAM monitoring location in Arctic Ocean 
at site AU_CH01. Variation PSD sound levels recorded in September, an ice-free period, of available 
years from the reference year, 2009, is shown.

Figure 4. Large-scale comparisons of weekly-aggregated median power spectral density for eight sites 
recording throughout 2021. Sound levels are shown as the median (solid line) with 25th and 75th 
percentiles (shaded area).
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efficient sound propagation in deeper water and the sites’ close proximity to a heavily 
used shipping channel with traffic from both large and small vessels (Hatch et al., 2008; 
McKenna et al., 2024). Petit Manan and Monhegan Island sites had the lowest overall 
sound levels likely attributed to their coastal location away from the shipping channel and 
large vessel traffic. Located at the mouth of May River where there is heavy small vessel 
traffic and significant fish sound production (Ji et al., 2024; Marian et al., 2021; Monczak 
et al., 2017, 2020, 2022; Monczak, Ji, et al., 2019; Monczak, Mueller, et al., 2019; Smott et al.,  
2018), ESONS’ 37 M sound levels were high between 100 and1000 Hz mostly due to 
snapping shrimp snaps, fish sound production, and vessel noise, and highest across all 
sites above 1000 Hz due to snapping shrimp snaps as well as vessel noise and silver perch 
chorusing (Monczak et al., 2020, 2022; Smott et al., 2018). The two Central California Coast 
sites, NRS11 in the Cordell Bank National Marine Sanctuary and MARS in the Monterey Bay 
National Marine Sanctuary, show elevated sound levels at lower frequencies, which are 
mainly attributed to the presence of larger vessels and seasonal migration of whales 
(Haver et al., 2020; Ryan et al., 2016).

3.3. Case study 3: Dominant features revealed

The blue and fin whale call indexes show seasonal patterns across the sites 
(Figure 5). For example, blue whale B calls, as determined from the call index, are 
present in the NRS11 and MARS recordings in winter (January to March) and late 
summer to winter (August through December). MARS has two peaks later in the year 
in August and again in November while NRS11 only has a single peak around 
October. Fin whale calls as identified in the call index were detected across all 
three sites with the strongest peaks occurring in the fall. These patterns align with 
previous findings for blue and fin whale sound production (Davis et al., 2020; Haver 
et al., 2020; Oestreich et al., 2020; Pearson et al., 2023) and highlight the versatility of 
the HMD spectra to be adopted for existing algorithms due to its high temporal 
resolution and resolution at low frequencies.

3.4. Case study 4: Integration with environmental data sources

During the two-week period (August 28–September 20, 2016), the integration of 
environmental data revealed the influence of Hurricane Hermine (NWS, Bragg,  
2017) on the soundscape (Figure 6). Specifically, sound levels at this site were 
highest when Beaufort Sea State was 6+, which is associated with wind speeds 
greater than 20 knots and wave height greater than 3 m, that occurred when the 
storm was present in the area from September 3–4, 2016, based on the NOAA 
National Hurricane Center hurricane/tropical storm track. Sound levels were most 
strongly influenced by increased wind speed and wave height at lower frequencies 
(less than 50 Hz) and frequencies above approximately 800 Hz. A decrease in noise 
from vessels occurs prior to the storm as a result of Tropical Storm Warnings (NWS,  
2016), and changes in biological sounds also emerge. During the storm, diurnal fish 
chorusing events between 100 and 1,000 Hz dramatically increase in amplitude and 
an additional chorusing event (likely a different species) between 1,500 and 2,700 Hz 
begins. Beyond this specific event, continuous data integration of the physical
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environment with sound levels provides key insights on the seasonality of sounds
capes dominated by physical conditions (McKenna et al., 2021) and could help 
monitor the interplay of ocean sounds and wind-wave dynamics in a changing 
climate (Casas-Prat et al., 2024; Cheng et al., 2022). As other sources of big data 
become available, scalable integration with PAM data becomes possible furthering 
the ability to understand drivers of change in ocean soundscapes.

Figure 5. Comparison of blue and fin whale call indices derived from standard products. Weekly whale 
call index for (top) whale B calls and (bottom) fin whale 20 Hz calls for three deeper water sites. The 
solid line shows the median (50th percentile) CI value for that week with the shaded envelope 
delineating the 25th and 75th percentiles. The dotted line at 1.0 denotes where the signal would be 
above background noise (above the line) and where the signal would be less than the background 
noise (below the line).
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4. Discussion

The SoundCoop project’s collaborative approach provided a unique opportunity to 
address challenges associated with big data in marine PAM by focusing on existing 
community standards, knowledge, and datasets and thus established a community- 
driven process. By engaging a broad network of stakeholders, SoundCoop fostered 
collective input to identify key obstacles, and develop practical and scalable solutions. 
The project emphasized the creation of standard outputs from freeware tools (Miksis-Olds 
et al., 2021; Parcerisas, 2023), ensuring consistency and accessibility for numerous PAM 
user groups. Additionally, it championed the use of public repositories and data portals to 
promote transparency, data sharing, and reproducibility. This framework serves as an 
example for harnessing collective expertise to identify a meaningful data product to 
address the heterogeneity in raw data and enable comparison across monitoring projects;

Figure 6. Integrated data sources reveal weather related changes in underwater soundscapes. (left 
panel) the hourly resolution HMD spectra, wind speed, wave height, and water temperature data from 
August 28 to September 10, 2016. The orange box indicates the time period when Hermine was 
present near the recording instrument, September 3–4, 2016. (right panel) hourly median PSD by 
Beaufort scale 0–3, Beaufort scale 4–5, and Beaufort scale 6+, and temperature anomaly bins for 
sound levels recorded on September 3–4, 2016. Annotations in the spectrogram denote A) noise from 
vessel activity; B) low frequency noise from wind associated with the storm; C) nocturnal fish chorus of 
increasing intensity as storm nears and passes; D) new fish chorusing that begins after the storm 
passes, and E) third fish chorusing event that arose after the storm.
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efficiently share and connect data to address the challenges of dissemination associated 
with large data volumes; integrate data quality information to address noise accumula
tion; and streamline access to federated datasets, especially cloud-based to enable further 
processing capabilities in scalable, high compute environments. The case studies pre
sented here demonstrate the versatility of the HMD spectra in exploring scientific ques
tions relevant for many of the PAM user communities outlined in Table 1. There are 
numerous other applications to which this information-rich and storage-efficient sound 
level metric could be applied to accelerate learning and drive more complex analyses.

4.1. Challenges overcome

The sheer size of data produced by modern monitoring systems, like PAM, is vast, 
especially when monitoring over extended periods and across multiple locations (Van 
Parijs et al., 2009; Wall et al., 2021). SoundCoop’s new infrastructure enables transforma
tive, translational research by improving the accessibility of data, information, and meth
ods for standardized metrics and formatting. Free software toolkits facilitated the 
standardized processing of sound levels. However, extensive testing and revisions were 
needed to produce the necessary output of predictable and therefore comparable 60-s 
time bins, ensure accurate second counts within each bin, and handle the variety of 
recorder types associated with the SoundCoop. This effort resulted in a new suite of 
datasets to test against including different instruments, calibration considerations, “wig
gle” in the internal timekeeping, and unexpected recording gaps. Tracking each second of 
every recording is crucial to produce accurate and reproducible one-minute resolution 
HMD files. This provides fine-scale accuracy while correct calibration ensures statistical 
importance to the analytical results. Comparing multiple variables, namely HMD spectra, 
time, and effort, from the software outputs to a “ground truth” dataset—as was done in 
this project—is necessary to examine the accuracy of each time bin (see 4. Evaluation in 
Appendix I).

Over 14,000 netCDF files were produced from the HMD-processed datasets in this 
project. Managing these many files from different sources in a CSV format would have 
been brittle and required additional spreadsheets or databases containing each dataset’s 
metadata. The self-describing netCDF embeds all file, deployment-, and project-level 
metadata within each file, facilitating efficient management, sharing, and interpretation 
(see 3. Standard Outputs in Appendix I and Appendix II). Aligning the outputs of both 
software to the same netCDF structure ensured interoperability, comparability of results, 
and seamless integration into higher-level processing workflows. The integration of 
publicly available sensor data provided a first-tier interpretation of the sound level data, 
leading to some initial insights into patterns within the acoustic data. These data portals 
provide tangible examples of the benefit of standardized data products for big data 
projects, like PAM, by enabling novice users to explore large volumes of data with ease, 
fostering curiosity, and supporting learning while also empowering experts to identify 
areas for deeper analysis.

Tutorials empower practitioners to leverage PAM data more effectively, while visuali
zation tools and standardized workflows simplify large-scale data analysis, reducing the 
need for individuals to “reinvent the wheel.” To ensure transparency and reproducibility of 
the methods and results, and in turn provide tools that could be easily adapted to existing
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and future workflows, Python-based Jupyter Notebooks were developed (see Appendices 
III and IV). These notebooks document how to access, read in, aggregate, and visualize the 
project’s thousands of files using open-source processing in reproducible environments. 
The notebooks are shared publicly on GitHub along with documentation such as 
READMES and guidance for different user groups (from novice to expert, science-driven 
to management-driven). Environment setup files that capture system and library require
ments were produced so that the notebooks could be run seamlessly by any user. 
Depending on the volume of data being processed and the processing needs, Google 
Colab, JupyterLab, Github Code Space, and Binder are potential options to run the 
notebooks for the community to explore—though there are assuredly many other 
environments that are best suited for individual needs including higher performing, 
cloud-based, and fee-based platforms.

4.2. Where SoundCoop leaves off

While significant progress was made and several barriers were overcome through 
SoundCoop, some areas of additional development remain. The SoundCoop resulted in 
community production of a standardized underwater sound level metric using open 
source/freeware processing software supporting regional, national and international 
comparisons among PAM recordings. However, throughout the project, the calculation 
of the HMD spectra for individual datasets was completed in serial on local machines 
limiting processing power to the capacity of each computer. Processing speed was further 
constrained when data had to be accessed from USB-connected external drives or 
through VPN-linked servers. A cloud-based workflow, where processing can be scaled 
on demand and computation is brought to cloud-hosted data, would substantially 
improve efficiency (Jannapureddy et al., 2019). Therefore, the next steps for development 
should focus on developing cloud-based processing pipelines to go from the raw audio 
data (L0) to HMD spectra netCDFs (L1) and further into cloud-ready advanced products 
(L2). This includes the development of tools that ingest the L1 as a base variable or further 
interpret L1 time series with environmental/non-acoustic information and feed into 
clustering or other machine learning models. Workflows to run PyPAM in a cloud envir
onment and apply clustering to HMD spectra to explore soundscape composition across 
ecosystems are under active development and show great potential, but the completion 
of those efforts fell outside of the scope and timeline of the SoundCoop project.

The project provided community documentation of standards-driven metadata-rich 
file format for sharing and interoperability. The SoundCoop netCDF was built using Python 
code run by NCEI and externally provided metadata on data quality to inform applica
tions. Next steps for development should include implementing a data quality matrix in 
the PyPAM/PBP workflow. Further, the framework developed—including the netCDF 
structure—was designed exclusively for stationary acoustic recorders. To extend its 
applicability, additional considerations will be required to support moving instrumenta
tion, such as towed arrays, autonomous surface/underwater vehicles, and drifting sys
tems. This includes ensuring the netCDF structure properly accounts for variations in the 
hydrophone’s spatial location and depth, which has downstream implications for accurate 
interpretation of the HMD spectra. Feedback and adoption of the file format guidance by
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international partners would accelerate broader implementation in ongoing monitoring 
efforts.

The SoundCoop developed a centralized visualization platform to compare standar
dized PAM products. This interactive portal provides internationally distributed, high- 
volume, and comparable sound level attributes, showcasing data-rich HMD spectra and 
demonstrating the value of co-plotting with buoy-based wind and wave observations as 
well as oceanographic model outputs. Further enhancements could include regional 
portals, tools tailored to offshore wind energy visualization, and NOAA-specific applica
tions at regional and national scales.

In parallel, the SoundCoop curated a suite of community tools, including publicly 
available Python-based resources on GitHub that allow users to generate SoundCoop L1 
products, and visualize data in ways consistent with the portal (see Appendices III and IV). 
Ensuring the long-term sustainability of these community notebooks—including where 
and how future users will run them—will be essential to maintain usability. Expanding the 
library of notebooks to address broader use cases, expanding test datasets that represent 
additional scenarios, and developing alternative entry points for non-Python users would 
further extend their value to a wider community base.

This project was framed around the curation of two software toolkits for community 
use, chosen for their freeware and open-source status. Sustaining such software remains 
a persistent challenge that affects both developers and users (Bonaccorsi & Rossi, 2003). 
Routine maintenance, bug fixes, security updates, and community-requested feature 
enhancements are expected, yet questions of implementation—who will make changes, 
on what timeline, and under what governance—often create obstacles (Geiger et al.,  
2021; Sethanandha et al., 2010; Sun, 2024). The long-term sustainability and advancement 
of open-source tools such as PyPAM, and more broadly the entire suite of software 
supporting passive acoustic monitoring, will ultimately depend on the community itself 
and is best approached at an international scale. Because the passive acoustic community 
is inherently global, a broad contributor base increases the likelihood of long-term 
viability. Establishing an international working group dedicated to sustaining open- 
source software for passive acoustic data analysis could consolidate ongoing efforts, 
strengthen existing tools, reduce the learning curve for new practitioners by providing 
even more shared code resources, and increase the overall resilience of community 
codebases.

4.3. Best practices for data quality

Big data often includes unstructured, noisy, or incomplete data, making analysis complex 
(Fadlallah et al., 2023). To realize the value of PAM data, we highlight considerations when 
building big data frameworks to ensure data quality and interoperability between data
sets. HMD offers a robust yet versatile foundational sound level metric product and these 
key requirements are necessary before applying this approach to your dataset:

4.3.1. Calibration
Proper characterization of the calibration is critical for accurate, absolute sound level 
measurements. Users must understand the calibration process and how the HMD soft
ware applies it. Clear documentation, intuitive workflows, and graphical outputs from the
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software are essential to vet this information (see 1. Software in Appendix I). If calibration 
is unknown, not possible, or the hydrophone sensitivity degrades over the duration of the 
recording, processing the data into sound level metrics like HMD for quantitative analyses 
will not produce accurate results.

4.3.2. Timekeeping
Clock drift occurs in PAM recording units and can accumulate over long deployments 
depending on internal clock quality and in response to temperature changes (Marchetto 
et al., 2012). If drift is high, it can noticeably impact the accuracy of one-minute resolution 
HMD products if not accounted for. Autonomous recording systems are built to be fault- 
tolerant but errors can occur, leading to timekeeping problems such as lost or extra 
samples, or variability in true sampling rates. Each scenario needs to be properly handled 
by the software calculating the HMD, and a thorough examination of where each second 
is being accounted for in the calculation will ensure the 1-minute time bins are accurate 
(see 2. Evaluation in Appendix I). In severe cases where timekeeping is highly variable, 
consider aggregating to a coarser time resolution (e.g., hour) or another metric that is 
robust to some temporal inaccuracy.

4.3.3. Data integrity
Data quality must be thoroughly documented for proper use or reuse of sound level 
metrics. Within the frequency dimension, documentation should note where calibration is 
not available or where recording instrument accuracy limits the quantitative analysis of 
specific frequencies. This is particularly necessary for data processed with MANTA, which 
outputs 0 Hz to Nyquist regardless of the calibration range or presence of electrical noise. 
Within the time dimension, document periods of known issues and the timing of deploy
ment and recovery. As demonstrated in SoundCoop, it is recommended to implement 
a machine-readable method for masking unverified, compromised, or poor-quality times 
and frequencies. This can be achieved by creating a numeric matrix of data quality tags 
that matches the dimensions of the power spectral density matrix. The data quality tags 
could derive from a standardized JSON metadata file, such as the one outputted by the 
NCEI PassivePacker PAM data documentation tool (https://www.ncei.noaa.gov/products/ 
passivepacker), or built with automated scripts following a quantitative QA/QC review of 
the processed data (see 3. Standard Outputs and 4. Data Quality in Appendix I). The 
netCDF file with the HMD spectra results and data quality mask can then be used to 
programmatically ensure only “good” time periods and frequency bands are used in 
quantitative analyses. Further, to inform the data quality assessment, the daily graphic 
of the long-term spectral average based on the HMD spectra outputted by MANTA and 
PyPAM provides an efficient evaluation method (albeit largely qualitative) for large 
volumes of data.

These collective advancements foster collaboration and momentum within the PAM 
community, building partnerships and aligning efforts. By coordinating and standardizing 
data, the community can better address critical questions about the impacts of indus
trialization on marine habitats and life, and enable scientists to explore climate effects on 
marine ecosystems in the most sustainable ways possible. This distributed model, where 
standardized tools are widely adopted, allows more researchers to contribute to collective 
solutions and deliver valuable insights to science and management applications.
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4.4. Emerging big data considerations

The demand for real-time data analysis is increasing, especially in scenarios requiring 
immediate decision-making (Hossain et al., 2023). Real-time processing of acoustic data is 
particularly important in urgent scenarios such as detecting the changing presence of 
endangered species or responding to illegal activities like poaching or illegal fishing 
(Baumgartner et al., 2019; Drakopulos et al., 2023; Spaulding et al., 2009; Welch et al.,  
2024). However, real-time analysis is computationally intensive and requires sophisticated 
algorithms and hardware to handle the continuous flow of data without delays. Notably, 
advances discussed here can directly support conservation or resource management 
decisions that are neither immediate nor decadal but rather responsive to increasingly 
dynamic inter-annual changes in animal and human use patterns in ocean and coastal 
waters.

Managing access, privacy, and security concerns is critical when handling sensitive or 
proprietary big data (O’Brien et al., 2024). Some PAM data may be sensitive, particularly in 
the context of national security, monitoring protected areas or species, and data sover
eignty considerations arise with diverse data collection. Ensuring secure data transmis
sion, storage, and sharing across platforms is important to protect both species and 
project confidentiality. Screening and filtering of some data may be necessary prior to 
public dissemination, but such treatments can be surgical and allow the majority of the 
collected data to inform a broad suite of users.

Providing public access to data, particularly data funded by government agencies, is 
acknowledged to increase transparency and citizen engagement, and to support eco
nomic growth through innovation, evidence-based policy making, and the ability for 
researchers and businesses to leverage data for new insights and solutions. However, 
providing public access to data will continue to raise ethical questions about data own
ership, usage, and the potential consequences of insights derived from analysis (Carroll 
et al., 2021). In the context of PAM, although there are many conservation goals that can 
be advanced significantly through more efficient and interpretable data practices, there is 
also the potential for data misuse in ways that could harm protected species (e.g., 
revealing the location of fragile managed fish or mammal concentration). Considering 
such risks while empowering new applications is crucial for advancing PAM, ensuring it 
continues to grow as an effective tool for conservation, biodiversity research, under
standing ocean systems, and advancing the blue economy (Spalding, 2016). The global 
accessibility of standards-driven, metadata-rich and analysis-ready data provides 
a scalable foundation from which AI/ML models can be trained. It further serves as 
a model for tackling big data challenges for the broader earth-system science community 
where AI-driven research is of increasing prevalence (Haupt et al., 2022; Verhulst et al.,  
2025).

5. Conclusion

The value of big data lies in its potential to transform raw values into actionable insights, 
identify emergent properties that can drive decision-making and innovation (Alsunaidi 
et al., 2021; Li et al., 2021; Ramachandran et al., 2021). In today’s data-driven world, 
extracting value from big data enables organizations to uncover patterns, predict trends,
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and advance management objectives across diverse applications (Vance et al., 2024). In 
the context of PAM, this includes ensuring species protection (Gibb et al., 2019), reducing 
noise in protected places (Chou et al., 2021), and understanding the blue economy 
activity in coastal and offshore ecosystems (Spalding et al., 2021). However, realizing 
this value depends on effective data management, advanced analytical tools, and a clear 
understanding of how insights align with organizational goals or societal needs. By 
focusing on value, big data becomes more than just vast quantities of information—it 
becomes a powerful catalyst for informed decisions and progress.
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Data availability statement

The data products used in this project are available at the NOAA National Centers for Environmental 
Information (NCEI) Passive Acoustic Data Archive, https://www.ncei.noaa.gov/products/passive- 
acoustic-data. All archived SoundCoop datasets on the NCEI data portal can be viewed directly 
here: https://www.ncei.noaa.gov/maps/passive-acoustic-data/?projectName = SoundCoop. Each 
project that contributed to the SoundCoop and who’s data are archived at NCEI received 
a citation and DOI:

● Cornell University and Bureau for Ocean Energy Management. 2023. Hybrid Millidecade Spectra 
at 1 Minute Resolution Recorded by Cornell University for BOEM (BOEM-Cornell). NOAA National 
Centers for Environmental Information. https://doi.org/10.25921/wzyx-g235

● Monterey Bay Aquarium Research Institute. 2023. Hybrid Millidecade Spectra at 1 Minute 
Resolution Recorded at the Monterey Accelerated Research System (MARS) Cabled 
Observatory. NOAA National Centers for Environmental Information. https://doi.org/10.25921/ 
6gvv-dk87

● NOAA Northeast Fisheries Science Center. 2023. Hybrid Millidecade Spectra at 1 Minute 
Resolution Recorded by the Northeast Fisheries Science Center (NEFSC). NOAA National 
Centers for Environmental Information. https://doi.org/10.25921/s87x-gb35

● NOAA OAR Pacific Marine Environmental Laboratory and Cooperative Institute for Marine 
Ecosystem and Resources Studies, National Marine Fisheries Service, NOS Office of National 
Marine Sanctuaries, and DOI NPS Natural Resource Stewardship and Science Directorate. 2023. 
Hybrid Millidecade Spectra at 1 Minute Resolution Recorded at the Ocean Noise Reference 
Station Network (NRS). NOAA National Centers for Environmental Information. https://doi.org/ 
10.25921/tr4q-xa94

● NOAA Office of National Marine Sanctuaries and U.S Navy. 2023. Hybrid Millidecade Spectra at 1  
Minute Resolution Recorded for the Sanctuary Soundscape Monitoring Project (SanctSound). 
NOAA National Centers for Environmental Information. https://doi.org/10.25921/ymf8-5k59

● Scripps Institution of Oceanography. 2023. Hybrid Millidecade Spectra at 1 Minute Resolution 
Recorded by the Scripps Whale Acoustics Laboratory (SWAL). NOAA National Centers for 
Environmental Information. https://doi.org/10.25921/ht84-bg61

● Thomisch, Karolin; Spiesecke, Stefanie; Boebel, Olaf. 2023b. Hybrid Millidecade Spectra at 1  
Minute Resolution Recorded at the Frontiers in Arctic Marine Monitoring (FRAM) mooring F5- 
17 of the Alfred Wegener Institute Helmholtz Centre for Polar and Marine Research. NOAA 
National Centers for Environmental Information. https://doi.org/10.25921/jh84-k867

● University of New Hampshire and Office of Naval Research. 2023. Hybrid Millidecade Spectra at 1  
Minute Resolution Recorded at the Acoustic and Environmental Observation Network (AEON) for 
the Office of Naval Research. NOAA National Centers for Environmental Information. https://doi. 
org/10.25921/d21t-be25
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● University of South Carolina Beaufort and IOOS SECOORA. 2023. Hybrid Millidecade Spectra at 1  
Minute Resolution Recorded at the Estuary Soundscape Observatory Network in the Southeast 
(ESONS) for IOOS SECOORA. NOAA National Centers for Environmental Information. https://doi. 
org/10.25921/0xbb-xx76
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