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PAMGuard: Application software for passive acoustic detection,
classification, and localisation of animal sounds

Douglas Gillespie,1,a) Jamie Macaulay,1 Michael Oswald,1 and Marie Roch2
1Sea Mammal Research Unit, Scottish Oceans Institute, University of St Andrews, St Andrews, United Kingdom
2Department of Computer Science, San Diego State University, San Diego, California 92182, USA

ABSTRACT:
Detection, classification, and localisation of animal sounds are essential in many ecological studies, including density

estimation and behavioural studies. Real-time acoustic processing can also be used in mitigation exercises, with the possi-

bility of curtailing harmful human activities when animals are present. Animal vocalisations vary widely, and there is no

single detection algorithm that can robustly detect all sound types. Human-in-the loop analysis is often required to validate

algorithm performance and deal with unexpected noise sources such as are often encountered in real-world situations. The

PAMGuard software combines advanced automatic analysis algorithms, including AI methods, with interactive visual

tools allowing users to develop efficient workflows for both real-time use and for processing archived datasets. A modular

framework enables users to configure multiple detectors, classifiers, and localisers suitable for the equipment and species

of interest in a particular application. Multiple detectors for different sound types can be run concurrently on the same

data. An extensible “plug-in” interface also makes it possible for third parties to independently develop new modules to

run within the software framework. Here, we describe the software’s core functionality, illustrated using workflows for

both real-time and offline use, and present an update on the latest features.
VC 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons
Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1121/10.0042245
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I. INTRODUCTION

Sound is produced by many animal species, often as a

means of communication and, for some species, echoloca-

tion. Detecting these sounds provides researchers with an

additional avenue to study animal behaviour (e.g., Gillespie

et al., 2021; Macaulay et al., 2022), estimate animal density

and distribution (Gordon et al., 2020; Gridley et al., 2020;
Westell et al., 2022), efficiently find animals for visual

observation (e.g., Brotons et al., 2024; Miller et al., 2016)
and to detect the presence of different species in real-time

for mitigation of harmful anthropogenic activities (e.g.,

Palmer et al., 2021a). The broad methodology of using

received sounds to study animals is termed passive acoustic

monitoring (PAM). PAM can be advantageous in that

sounds can be detected when visual observation is not possi-

ble: at night, during inclement weather, in dense forest envi-

ronments, or in the case of marine mammals when they are

submerged. Automatic PAM software allows detection of

sounds outside the human hearing range, can process many

channels of data simultaneously, extract measurements from

detected sounds, and can localise sounds in two or three

dimensions if a suitable sensor array is deployed.

Automation also allows for consistency in analysis and

more rapid data processing, particularly important for large

datasets, where the possibility of listening to all data is

impractical.

Animal sounds, particularly those of marine mammals,

are highly variable. Cetacean vocalisations occupy over 13

octaves of the audio spectrum (four orders of magnitude),

from infrasonic 15Hz calls of blue whales to 130 kHz echo-

location clicks of harbour porpoises. Similarly, the duration

of calls can vary from tens of microseconds for dolphin

echolocation clicks to over ten seconds for some baleen

whale calls. Soundscapes often contain a multitude of inter-

fering sounds which may come from other animal species,

environmental noise (e.g., rain, wind, waves, sediment

movement), or anthropogenic activities. In addition, propa-

gation can change the nature of received sounds in many

ways, including high-frequency components attenuating

faster than low-frequency ones and normal mode dispersion.

These complex environments, where both interfering sounds

and vocal behaviour may evolve and change over time and

space, can lead to errors and misclassifications of sounds

when utilising automatic algorithms, especially when the

algorithms are used outside of the context or domain for

which they were developed or trained.

PAM studies not only target a wide range of species,

but often have different study aims, and different hardware,

with varying numbers and configurations of hydrophones.

Systems might be moored, installed on landers, or towed

behind crewed or autonomous vessels. Thus, analysis of

PAM data requires software which can handle a largea)Email: dg50@st-andrews.ac.uk
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variety of hardware types and enables the effective use of

automated analysis algorithms along with human validation

and annotations as necessary.

PAMGuard was developed as a general tool for the

detection, classification, and localisation of marine mammal

vocalisations, particularly those of cetaceans, although it

can also be used in the terrestrial environment. The software

combines state-of-the-art automatic algorithms with power-

ful data visualisation tools to allow a human-in-the-loop val-

idation. Automated algorithms do the bulk of the processing

work but allow a human to make final decisions either at the

call or encounter level, or to examine a sample of the data to

assess detector performance and provide correction factors

for parameters derived from the data. PAMGuard algorithms

include click detectors (Gillespie et al., 2020), whistle

detectors and classifiers (Gillespie et al., 2013), energy

detectors (Helble et al., 2012), correlation detectors

(Mellinger and Clark, 2000), image-based classifiers

(Gillespie, 2004), and localisation algorithms (Gillespie

et al., 2020; Gillespie and Macaulay, 2019). The software

uses a modular architecture, whereby the user loads modules

required to create a custom workflow appropriate for their

study goals, hardware, and species of interest. This will typi-

cally include acoustic modules, for example, creating a

spectrogram, detecting clicks, and running deep learning

classifiers, as well as general utilities such as data manage-

ment, acquisition of navigation [global positioning system

(GPS) and automatic identification system (AIS)] and array

orientation data, and modules for human data input and

annotation.

A graphical user interface (GUI) allows users to config-

ure modules, set up their acoustic workflow, and access data

visualisation tools without any need for coding. This combi-

nation of a comprehensive visual interface and access to a

large number of automated algorithms enables users to effi-

ciently and accurately process large quantities of acoustic

data in real-time or post data collection. Programming using

Java means that the software can run on a standard con-

sumer desktop or laptop, and makes PAMGuard cross-

platform; it will run on most Linux, Apple Macintosh and

Microsoft Windows platforms. Currently, installers are pro-

vided for Windows and macOS with the Windows version

also including libraries to run high-frequency and multi-

channel sound acquisition systems. Simple configurations

have also been run on low-power advanced RISC maching

(ARM) Linux systems on remote moorings (King et al.,
2022). The software is targeted at users with a wide range of

acoustic expertise. Once configured, a novice user can be

easily trained to monitor the software, perform basic quality

control tasks and respond to detections. Additional knowl-

edge of bioacoustics is required to select and configure

detectors for a specific application, and, as with any toolbox,

a higher-level expertise is required for more complex tasks

such as three-dimensional (3D) localisation using multi-

hydrophone arrays.

The software was first released in 2006 (Gillespie et al.,
2008), primarily to address the needs of the hydrocarbon

industries to provide mitigation for the harmful effects of

noise generated during seismic surveys (Nowacek et al.,
2013). At the time of its first release, it contained 29 mod-

ules to perform data acquisition, signal processing, detec-

tion, and data display tasks and only functioned as a real

time detection tool. The number of modules in the software

is now 70, and an updated data management and display

system allows for offline review of processed data and sup-

ports analysis and viewing of data from autonomous acous-

tic devices such as SoundTraps (www.oceaninstruments.

com/) and HydroMoths (www.openacousticdevices.info). In

addition, the software supports external plugin modules,

which can be developed by third parties and run within

PAMGuard with no requirement to modify the core source

code. The latest release, Version 2.02.17, contains three

major developments: An interface to the Tethys spatial-

temporal database for Passive Acoustic Data (Roch et al.,
2016), a module that can run artificial intelligence (AI) mod-

els, and a batch processing system which automates and par-

allelises the analysis of multiple datasets, for example,

collected with arrays of autonomous recorders. Here, we

describe the core functionality and structure of the software

alongside these latest additions.

II. IMPLEMENTATION AND ARCHITECTURE

The software can be split into Core functionality, which

is used by all modules, and the modules themselves. The

Core provides services such as data management, temporal

and spatial displays, and configuration management.

Modules build on the core functionality to provide signal

processing, detection, classification, and localisation tasks,

as well as additional bespoke displays as required.

Standardisation of the formats and interfaces for these mod-

ules’ data inputs and outputs makes it possible to intercon-

nect modules to support a passive acoustic data analysis

appropriate to specific study goals. Modules use standard

classes to provide as much functionality as possible, mini-

mising the amount of new code that needs to be written for

each module. New modules can be developed, and their out-

put incorporated into existing displays and data output

streams without any need to modify core functionality.

A. GUI framework

The flexible GUI allows users to interact with data both

in real time and during offline data analysis (Fig. 1). Many

different types of displays may be required for a multi-

species study. The “Data Map” provides a high-level over-

view of when data were recorded and summary output from

each module or algorithm. Other types of displays include

multiple spectrogram displays for different parts of the spec-

trum, click displays containing scrolling plots of click bear-

ing against time, lists of detections, maps of the vessel track

overlayed with detections, etc. These displays can cover

vastly different time periods, from the Data Map showing

weeks or years of summarised data, to click waveform dis-

plays showing milliseconds of data.
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B. Data management and storage

Modules typically take an input, act on it (e.g., trans-

form, detect, classify, or localise), and produce some type of

output. A module’s input can be from the outside world

(from an audio input device or file, GPS data, depth sensor

data, etc.) or from other modules. An observer / observable

design pattern (Freeman and Freeman, 2004) was used so

that data from one module can be shared by multiple down-

stream modules: for instance, raw audio time series data can

be used directly by the click detector, and also to compute a

spectrogram. The spectrogram data might be used both by a

display and by a tonal sound detector. Each module pro-

cesses data in a separate program thread, thereby efficiently

using multiple processor cores.

The software uses two forms of external data storage. A

SQL database is the preferred option for data that is produced

at a relatively low rate and has a fixed record format, such

as human annotations or GPS navigation data. However,

higher volume data, and data that do not have a fixed record

format, such as detected clicks (which are stored with a few

hundred samples of raw audio data) and whistles (which are

stored with the time-frequency contour of the detected

sound), do not store efficiently in a SQL database. For these

types of data, we generate bespoke binary data files.

Separate binary files are generated for each module, and a

new file for each module is generally started once per hour

(or once per sound file for post-processing data). A cata-

logue of files is also created so that data can be located and

reloaded efficiently during offline data review.

Detection data can be exported into file formats sup-

ported by MATLAB
VR
, R, and Python. Software libraries also

exist for all these languages that can read the binary data

files directly. These higher-level languages are generally

more accessible to many researchers, allowing them to

develop workflows and process data beyond what is possible

within PAMGuard itself.

C. Module functionality

The standard PAMGuard build includes the core func-

tionality and 70 built in modules. The architecture provides

mechanisms to let users interact with modules through menu

items and to show their output on standard displays (e.g.,

maps, spectrograms, plots vs time), where the user can view

and annotate detections. Many modules have a logging com-

ponent which writes to the aforementioned SQL database or

binary format files. Finally, modules have a documentation

FIG. 1. Example of the GUI configured to show: Top, a data map showing weeks of detection data; Bottom, a frequency time display showing detected dol-

phin whistles and clicks on the top panel and a spectrogram on the bottom panel.
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interface, which is used in the software’s help system.

Modules need only implement the interfaces that are rele-

vant. For example, the fast Fourier transform (FFT) module

only uses input and output to other modules (such as dis-

plays or detectors), documentation, and user controls for

configuring transform parameters, whereas the click detector

has its own bespoke display and implements interfaces that

allow it to interact with a 3D localisation module.

A list of current modules with details on their available

functionality is available in the supplementary material and

at https://www.pamguard.org/coremodules.html.

D. Plugin modules

The module architecture is designed to let third parties

develop so-called “plugin” modules for their own work.

Users can create modules that conform to the Java interface

for modules and package their code into a module that

PAMGuard will load in the same manner as any other mod-

ule, thus “plugging in” new functionality. Documents on

how to create plug-in modules are on the PAMGuard web-

site. Examples include a module for measuring the inter-

pulse interval within sperm whale clicks (Miller et al.,
2013), modules for acquiring and processing imaging sonar

data (Gillespie et al., 2023), and a tool developed for moni-

toring the vocal behaviour and welfare of captive cetaceans

(Jones et al., 2021).

III. RECENTADDITIONS

A. Tethys database

PAMGuard requires separate data stores (SQL database

and a folder of binary files) for each equipment deployment

or cruise. i.e., if someone deployed 20 autonomous record-

ers on a project, they would have 20 SQL databases and 20

folders of binary data. To facilitate data analysis over large

temporal and spatial scales, the software can now export

multiple datasets to a single, large scale, temporal spatial

database, Tethys, described in Roch et al. (2016) and avail-

able at https://zenodo.org/records/13626338. This database

captures information about characteristics of instrument

deployments (e.g., sample rate, channel, calibration) and

derived information such as detections of calls or position of

calling animals. Access to the database is available via

graphical web tools or programmatic interfaces (e.g.,

MATLAB, R, Java, and Python).

B. AI model support

Many research groups are developing AI-based solu-

tions for animal sound detection, some clearly showing

marked improvement over previous, more heuristic methods

(e.g., Shiu et al., 2020). However, many of these AI models

are inaccessible to most users, existing only as Python code

and a trained model file. The PAMGuard Deep Learning

module allows users to run deep learning models (e.g., based

on Tensorflow or PyTorch) within PAMGuard, making

them accessible to non-programmers with minimal work by

the model developer.

The deep learning module allows users to place AI detec-

tors and classifiers at the heart of their workflow and integra-

tes with the software’s visualisation tools, allowing for

manual checking and validation of model output. The deep

learning module can accept data from raw audio producers or

from detection modules. Running a simple detector as a filter

to the input of an AI model can greatly reduce the computa-

tional load of the model, e.g., Brinkløv et al. (2023) used the

click detector module to detect bat calls at a high false posi-

tive rate and then classified each call to species or “not a bat

call” using a Convolutional Neural Network (CNN) based

classifier (Bergler et al., 2019). The initial “simple” call

detector stage greatly reduced the volume of data processed

by the more computationally intensive CNN model, increas-

ing analysis speed by an order of magnitude.

As well as accepting data from a variety of upstream

modules, the deep learning module can also pass results to

downstream modules, for example, to localisation modules,

allowing users to more accurately acquire positional data for

target species.

C. Batch processing

Users often need to process multiple data sets with the

same PAMGuard configuration, particularly when arrays of

autonomous recorders are deployed. A PAMGuard configura-

tion requires the user to enter the path to the input audio data,

the name of the output database and a path to the folder for

binary data storage. Editing these three paths, then running the

software multiple times, was onerous and prone to human error.

The batch processor module allows further automation

of the processing of large data sets. The module takes a single

processing configuration and applies it to multiple folders of

audio files, creating a SQL database and a set of binary storage

files for each. A scheduling manager takes advantage of mod-

ern multiple-core processors. It oversees the application of

the processing configuration to each of the datasets, permit-

ting a user-configurable maximum number of jobs to execute

in parallel. With even moderate processor resources, it is usu-

ally reasonable to execute between two and four jobs concur-

rently, and new jobs are started as current ones complete.

IV. WORKFLOWS AND USAGE EXAMPLES

The software’s modular structure makes it extremely

flexible, with many possible use-cases and configurations. A

common use-case is to track marine mammals in real time

(Fig. 2), often used in a mitigation context or for finding ani-

mals for visual studies. For example, when tracking sperm

whales from a vessel using a towed hydrophone, the click

detector automatically detects clicks in real time, calculates

a bearing to each click based on time of arrival differences

on a pair of hydrophones, and displays each click on a dis-

play of bearing against time. The operator then interacts

with the scrolling bearing-time display to ignore false detec-

tions (e.g., caused by the vessel’s propeller) and to select
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clicks forming clear lines of bearings (often referred to as a

“click train”) that can be assigned to individuals or closely

spaced groups of whales. As each click is selected, a local-

isation algorithm combines all of the bearings to clicks

within a click train with the vessel’s GPS data to estimate

the animal’s location using target motion analysis (Webber

et al., 2022) and displays that location on the PAMGuard

map. The operator can then make an operational decision to

approach the animal (e.g., for visual study) or request the

shutdown of a harmful activity during a mitigation exercise.

During density estimation studies, a similar approach is

used to track whales and measure distances from the track-

line to vocalising animals in order to estimate survey strip

width, or a detection function (Buckland et al., 2001;

Webber et al., 2022), although for this application, analysis

can be conducted offline.

PAMGuard’s semi-automated approach to data analysis

can also be applied to post-processing of large datasets, such as

acoustic recording devices (e.g., SoundTraps, AudioMoths) or

long-term monitoring efforts. For example, Palmer et al.
(2021b) ran PAMGuard in real time, sampling 12 channels of

data at 500 kS/s per channel for a period of 451days (see Fig.

3) at an operational tidal turbine, streaming raw audio data to

an onshore computer via optical fibre from a bespoke acquisi-

tion system (Gillespie et al., 2020). By running the software in

real time, 1 TB of raw data per day could be discarded, storing

only the binary data files, which had less than 1% of the origi-

nal raw data volume. They then scrolled through the binary

data using the software’s GUI to identify and mark harbour

porpoise encounters, which were subsequently processed with

the 3D localisation algorithm to provide tracks of animals.

These tracks were then exported to a bespoke MATLAB viewer

for a final assessment of collision risk with the turbine rotor.

The level of automation/user interaction in a PAM

study varies, from using simple algorithms to detect possible

sounds and then using a human expert to annotate and clas-

sify species as in Fig. 3, to running a deep learning model

that may be highly accurate, requiring only that a human

verifies a small subset of data. In both cases, the software’s

visual displays allow users to check for inconsistencies and

validate or mark interesting sections of data across time

scales from years to microseconds (see Fig. 1).

Once a researcher is confident that the processing con-

figuration is appropriate for their research question, the

libraries and export functionality described in Sec. II B

allows them to continue their data analysis outside

PAMGuard in whichever external software they please. For

example, Rankin et al. (2024) describe an open source pack-

age written in R (Sakai and Oswald, 2024), which uses

PAMGuard detections as input and provides additional spe-

cies classification pertinent to their study areas.

V. CONCLUSION

The PAMGuard software provides a flexible and acces-

sible toolbox for a variety of PAM tasks in both marine and

terrestrial environments. It makes sophisticated detection,

classification, and localisation algorithms readily accessible

FIG. 2. Real-time workflow: In this example, sperm whale clicks are detected in real time and an operator then selects clicks forming clear click trains,

which then go to a target motion localiser. The operator can then make a decision to approach the animal for visual observation or could request the shut-

down of a harmful activity.
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to non-acoustics specialists with no programming knowl-

edge. Its modular framework enables users to configure a

PAM system suitable for the hardware and species of inter-

est to a specific study.

The software maintains a human-in-the-loop approach,

though the degree of human effort required for different

studies varies widely, from a quick check of a subset of data

to a detailed selection of individual sounds. The modular

framework makes it possible for developers to incorporate

new algorithms into the software framework, and the Deep

Learning module allows AI models developed in other lan-

guages, such as Python, to be run within PAMGuard without

any need to write or modify PAMGuard source code. R,

MATLAB
VR
, and Python libraries give access to PAMGuard

datafiles, allowing researchers to incorporate PAMGuard

into more complex workflows.

SUPPLEMENTARY MATERIAL

See the supplementary material for a list of the 70

PAMGuard modules currently available, along with the data

input requirements of each module, its output, data storage,

and display options.
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FIG. 3. An acoustic workflow which processed 12 channels of 500 kS/s sampled data for porpoise and dolphin clicks, noise levels and dolphin whistles. The

software initially ran in real time, processing 1 TB of acoustic data per day and saving it to the data management system, reducing data volume by orders of
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