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Abstract 

Standardized methods for the detection and classification of active sonar have yet 
to be developed, hindering research into ecological questions related to sonar use 
over large spatio-temporal scales using archival Passive Acoustic Monitoring 
(PAM) data. This chapter compares two pipelines for classification of military 
sonar presence in 20-min files, designed to be generalizable across soundscapes 
and types of sonar. Pipelines included adapting a deep learning network designed 
to classify delphinid vocalizations and vessels at the 3-second level to a 20-min 
resolution using a decision tree, and a Gradient Boosted Random Forest (GBRF)
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using acoustic indices as features. The adapted deep learning and GBRF pipelines 
achieved F1 scores of 0.57 and 0.74 respectively. The GBRF pipeline was 
demonstrated to provide usable predictions of sonar presence, reducing a 
51-day dataset to a 12-day period with elevated levels of predicted sonar pres-
ence, and 54 out of 935 files predicted to contain sonar predictions outside this 
period which could be subsequently manually verified. This pipeline is a prom-
ising approach for identifying active sonar use in large P AM datasets.
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Introduction 

Noise impact assessments fundamentally depend on the detection and classification 
of a noise source in passively collected data, or standardized methods to directly 
measure it. Direct measures using metrics such as Sound Pressure Levels (SPLs) or 
Pressure Spectral Densities (PSDs) rely on features of the sound which are unique or 
dominant within a specified spectral-temporal space (Haver et al. 2018), whilst 
automated detection and classification methods rely on signal processing, machine 
learning or deep learning classifiers which require large, diverse training data sets for 
their development. To date, there are no standardized, generalizable methods for the 
detection and classification of active sonar, such as Mid Frequency Active Sonar 
(MF AS), within large Passive Acoustic Monitoring (PAM) datas ets.

Sonar is a highly varied sound source, with the types of sonar used changing 
regionally, temporally and operationally. Types of sonar can be distinguished by 
differences in the frequency range, frequency modulation, signal duration, inter-
signal duration, and operating source levels. Recorded signals on hydrophones 
deployed independently of planned sonar use can be complex due to propagation 
effects resulting in signal distortion, propagation loss and overlap with or masking 
by other sound sources. The resultant diversity in recorded signals, alongside a high 
range of Signal-to-Noise Ratio (SNR) values and complex soundscapes in which 
“noise ” (such as delphinid whistles) with similar features to sonar are often concur-
rently present, mean signal processing pipelines for classification often fail to 
achieve sufficient accuracies. This complexity also means the development of 
bespoke deep learning methods for the automated detection of sonar is challenging. 
It is further hindered by limited publicly available datasets containing labelled sonar 
exemplars and the well documented problem of domain adaptation.

The soundscape contribution of sonar and its potential effects on marine life is a 
question of global significance. In response to observed mass strandings of ceta-
ceans, over the past two decades there have been a number of studies examining both 
direct and indirect impacts of sonar signals, with many of these relying on playback 
experiments (Halvorsen et al. 2013; Harris et al. 2016; Southall et al. 2016) or using



data from extensive hydrophone arrays such as the Atlantic Undersea Testing and 
Evaluation Center (AUTEC) (Moretti et al. 2014; Joyce et al. 2020). These studies 
have demonstrated that the effects of sonar on cetaceans can be diverse and depend 
on physical characteristics of the environment, behavioral context and sound expo-
sure level (Harris et al. 2018). While some studies have reported minimal observ ed 
impacts (Casey et al. 2024), many others have demonstrated changes in behavioral 
activity, including changing diving patterns (Moretti et al. 2014; Joyce et al. 2020), 
area occupancy (Tyack et al. 2011; Wensveen et al. 2019; Joyce et al. 2020) and 
vocalization behavior (Tyack et al. 2011; Stanistreet et al. 2022), as well as tissue 
damage (Southall et al. 2016) and death leading to mass strandings (Filadelfo et al. 
2009; Southall et al. 2016). 

A Comparison of Detection Methods for Identifying the Presence of… 3

Outside of navy ranges, there are few studies examining the impact of military 
sonar over large spatio-temporal scales. This means baseline questions ranging from 
the contribution of sonar to local soundscapes to potential behavioral changes of key 
species when exposed to varying densities, types and SNRs of sonar over long time 
periods can only be extrapolated from controlled experiments (Harris et al. 2018; 
Stanistreet et al. 2022). There is an opportunity to exploit decades of archival 
broadband acoustic recordings from many regions worldwide to address some of 
these knowledge gaps. How ever, a generalizable, easily adaptable and user-friendly 
detection and classifi cation system needs to be developed fi rst.

The authors present initial results from a wider study which aims to develop 
generalizable detection and classification pipelines of sonar presence at a 20-min 
resolution. Classification pipelines were developed to allow an initial analysis of 
large PAM data sets for the presence of incidental sonar within wav files, rather than 
the classification of individual sonar signals. The lower temporal resolution reduces 
the manual cost of labelling and is sufficient for many ecological questions. These 
pipelines are designed to be used to filter data for periods of sonar presence, reducing 
the manual burden for analyses at a finer temporal resolution such as manual 
labelling at a higher tem poral resolution for the quantification of sonar signals and 
development of deep learning model s bespoke to the region and type of sonar
present.

Methods 

Data Description 

Data for initial model development and testing were taken from a single mooring 
deployed as part of the COMP ASS project within a Marine Protected Area in the 
Northwest of Scotland (https://compass-data-portal-marineinstitute.hub.arcgis.com/ 
pages/story-maps). A single omnidirectional acoustic broadband recorder 
(SoundTrap 300 HF; Ocean Instruments, New Zealand) with an end-to-end sensi-
tivity of -172.6 dB re 1 V/μPa was moored 3–5 m above the seafloor at a water 
depth of 100 m. The hydrophone was set to a sample rate of 96 kHz and a duty cycle 
of 20/40 min on/off. Calibration tones present in the first 3 s of the recording were

https://compass-data-portal-marineinstitute.hub.arcgis.com/pages/story-maps
https://compass-data-portal-marineinstitute.hub.arcgis.com/pages/story-maps


excluded from the analysis. Acoustic data were calibrated using values provided by 
the manufacturer. 
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Data from the 10th of March to 30th of April 2019 were manually labelled using 
Audacity (version 3.2.1, 2022) for the presence or absence of sonar in 20-min wav 
files by two expert acousticians. Spectrograms were viewed using a Hann window of 
size 2048 samples on a mel-scale axis. Labelling was carried out with 30 s of data 
visible on the screen to ensure temporal resolution was stand ardized between the 
labelers. A confidence score was assigned to each label, with scores lower than the 
most confident subsequently re-labelled by the other labeler. Re-labelled files were 
only labelled as “sonar present” if both labelers assigned that label to reduce errors in 
the training set.

Other noise sources present within files were noted during labelling. These 
included vessel noise which varied from Lloyd’s mirror effects (the interference 
between the direct path and the sea surface reflection of the signal leading to a 
frequency-dependent interference pattern) to low frequency tonal noise, 
echosounders, delphinid whistles, clicks as well as burst pulses and abiotic noise 
such as wind, rain and mooring related noise. For the purposes of this study, 
echosounders were distingu ished from sonar by the peak frequency being above 
30 kHz and were excluded from the sonar class.

Significant variation between sonar types and frequency of occurrence within a 
certain period was observed during labelling. Features which varied between indi-
vidual signals included the frequency modulation, frequency range, signal duration, 
the presence of harmonics, and the SNR due to both low received levels and 
significant background noise. The number of sonar types in a single file and 
occurrence frequency in both the time and frequency domain varied significantly. 
Some files included near-continuous sonar within a bandwidth of 1 kHz, with other 
files including multiple types of sonar simultaneously recorded between 500 Hz and 
30 kHz. Signal s were recorded at different inter-signal durations, varying frequency 
of occurr ence across single files and with varied SNRs.

Sonar Classification Pipelines 

A signal processing approach to the classification of sonar was initially developed 
using metrics developed based on observed signal features during labelling. This 
was not successful due to the complexity of sonar signals, overlap in metric values 
between sonar and other sources such as delphinid whistles, and the high variance in 
the record ed SNRs of sonar within this dataset. As a result, two classification 
pipelines were developed, one which adapted an existing Convolut ional Neural 
Network (CNN) trained on Ambient, Whistle, V essel and Click classes (White
et al. 2022), and one which used acoustic indices as features input to a Gradient 
Boosted Ran dom Forest (GBRF). 

A flowchart of the vital components of each pipeline is shown in Fig. 1, with full 
details beyond the scope of this paper. The adapted CNN pipeline uses an existing 
EfficientNet B0 based CNN (full training details can be found in (White et al. 2022))



which was observed to misclassify sonar as whistles. The increasing use of CNNs in 
underwater acoustics means a pipeline adapted from an existing CNN would be 
broadly applicable. Training a new CNN for classification at a 20-min resolution was 
infeasible due to the prohibitive input data sizes and corresponding model size. 
Re-training the CNN with a new class for sonar was not feasible as training data did 
not match the 3-s resolution which the model was originally trained with. To 
leverage the deep learning-based classifier, a decision tree was therefore built 
based on the 3 s output of the CNN. This “Adapted CNN” pipeline identified 
model outputs as “suspected sonar” based on measures applied to the output 
probability vector of the model, with the distribution of “suspected sonar” in 
freque ncy and time domains used to classify the file.
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Fig. 1 Illustrative workflows 
of each pipeline. The Adapted 
CNN applied multiple metrics 
to the class probability vector 
from an existing model which 
was observed to misclassify 
sonar as whistles, followed by 
a decision tree to adapt it to 
file level

The other pipeline incorporated the signal processing approach with a learnt 
component by using acoustic indices as generalizable features input to a Gradient 
Boosted Random Forest (GBRF) implemented using XGBoost in Python (Chen



þ þF1 = 2 ⁎ TP 
2 ⁎ TP FP FN , 

et al. 2025). Acoustic Indices are signal processing metrics which measure varied 
time-frequency features of input data, such as measures of entropy or the zero-
crossing rate. A GBRF was used for classification as it outperforms many classifiers 
on tabular data and is robust to redundant features. Therefore, the input acoustic 
indices do not need to be highly bespoke for a specific soundscape or sonar type, 
provided a subset of them respond to sonar presence in each domain and for each 
sonar type. A set of eight commonly used acoustic indices were augmented by using 
multiple window lengths and frequency ranges. A standard approach was taken to 
training the model by using five-fold stratified cross-validation with an automated 
grid search implemented using scikit-learn (Pedregosa et al. 2011) for key parame-
ters in the booster and random forest. Data wer e split 70% for training and 30% for 
testing. 
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Model performance was evaluated using the F1 score which is a harmonic mean 
of precision and recall (Mesaros et al. 2016)  defi ned as: 

where TP is the number of true positives, FP is the number of false positives and FN 
is the number of false negatives. Precision-recall curves alongside Receiver Operat-
ing Characteristic (ROC) curves were used to show model performance of the GBRF 
classifier with the Area Under the Curve (AUC) reported as a measure of overall 
model performanc e.

Results 

The GBRF outperformed the Adapted CNN, with PR-AUC of 0.78 and ROC-AUC 
of 0.86 (Fig. 2a, b); note that the Adapted CNN returned single values in these plots 
as classifications of the CNN were subsequently passed through a decision tree. 
When appli ed to unseen test data, the F1 scores were 0.74 and 0.57 for the GBRF 
and Adapted CNN respectively .

To highlight a potential use of a classifier predicting sonar presence at a 
20-minute resolution, the output from the GBRF classifier was plotted across the 
entire data period, including data used for training (Fig. 3). The number of hours of 
predicted and labelled sonar per day was plotted to aid in the interpretation of results. 
The moving average showed a peak in predicted sonar presence be tween 29th March 
and 12th April, corresponding to a peak in labelled sonar between 1st and 12th April. 
As expected from the confusion matrix (Fig. 2c), FPs were present througho ut the 
data. 

To illustrate how the predicted sonar presence could be interpreted, Fig. 3 was 
split into three regions. In the green region, daily sonar exceeded 5 files per day for a 
period of 12 days, totaling 124 out of 312 files with predicted sonar . This period 
could therefore be designated as a period of active sonar use despite a FN rate of 0.35 
over the test data set (Fig. 2c). The red region was used to indicate differences in the



exact timing of the onset and offset of this period of elevated sonar use between the 
predi cted and labelled data. 
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Fig. 2 Plots of (a) Precision-Recall curves with contours for different F1 scores, (b) Receiver 
Operating Characteristic (ROC) curves and (c) the confusion matrix for the Gradient Boosted 
Random Forest (GBRF) pipeline, normalized row-wise to show classification proportion relative to 
the total number of true labels for that category. Curves in (a) and (b) indicate that the GBRF 
outperforms the Adapted CNN. Note that the Adapted CNN is only a single point as a manual 
decision tree is applied to the output of a trained CNN. The confusion matrix corresponds to an F1
score of 0.74

The amber region was used to show sporadic predicted sonar presence which 
were treated as potential FPs. These covered a total 935 files with 54 positive 
predictions, which could be manually verified in approximately 4 hours by an 
experienced labeler using open-source software such as Audacity. This “human-in-
the-loop” aspect allowed for an arbitrarily high precision outside of the period of 
more frequent sonar use. The illustrative interpretation of the classifier output 
presented here therefore reduced 1247 files over 52 days to a predicted period of 
12 days with daily sonar use, and 54 files which would have required further manual 
verification.

Discussion 

This study compared two pipelines for the classification of sonar at a 20-min 
resolution, corresponding to a single wav file. The first approach adapted a CNN 
trained for the classification of delphinid vocalizations and vessel presence at a 3-s 
resolution to a 20-min resolution by applying a decision tree to the output probability 
vector of the CNN. The second approach trained a GBRF with acoustic indices as
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input features. The pipelines were explicitly designed to be generalizable to new 
soundscapes and robust when previously unseen sonar is present by adapting widely 
used deep learning models or by using features theoretically applicable to any 
soundscape. Generalizability in machine learning is well documented to come at a 
cost in classifier performance, meaning F1 scores of 0.74 and 0.57, which would 
typically be considered low for a state-of-the-art classifier, were anticipated.
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The design of the Adapted CNN pipeline was based on a CNN trained on Ambient, 
Vessel, Click and Whistle classes (White et a l. 2022), which was observed to misclassify 
sonar as whistles. It was therefore hypothesized that the output class probability vector 
could  be  used  to  identify  “potential sonar” signals, with a decision tree based on the 
coherent use of sonar over 20-min periods used to su bsequently classify entire files. An 
F1score of 0.57 was deemed too low for further u se of this pipeline, h owever. 

The assessment of any classifier performance is dependent on the context of its 
intended use, with classification at a file level allowing for a human-in-the-loop aspect to 
the pipeline without prohibitive manual labelling costs. Output classifications from the 
GBRF pipeline predicted a period of sonar use between the 29th March and 12th April, 
with 124 positive predictions out of 312 files in this period. Predicted sonar before and 
after this period did not exceed five files per day and totaled 54 out of 934 files, or 5.8% 
of files. These were treated as potential false positives and could be manually verified in 
approximatel y 4 hours by an experienced acoustician. Fifty-one days of data were 
therefore reduced to a period of 12 days where  sonar  was  predicted  to  be  in  u  se,  with  
a precision of 1.0 outside of this period a fter further manual lab elling.

This demonstrates how questions relating to the presence of sonar within large 
PAM datasets could be investigated using predictions from the GBRF. Questions 
related to the relative contribution of sonar to the soundscape and impacts on marine 
species could be investigated by considering periods before, during and after the 
predicted onset of sonar use for example, with further labelling effort used to find the 
exact start and end dates of the predicted period of sonar use if required. This 
classifier could also be used to inform further work at a higher temporal resolution, 
with the description of sonar types present in the data or questions around ecological 
responses to sonar presence at the resolution of individual sonar signals able to 
discard redundant data from within the 52-day PAM deployment b ased on output 
predictions from the GBRF classifier.

At a 20-min input scale, a deep learning method such as a bespoke CNN would not 
be feasible due to the size of the input data and corresponding size of the model. A 
bespoke deep learning method trained on higher temporal resolution data would be 
expected to outperform the GBRF approach, but would require greater manual labelling 
effort, in part due to the requirement of sufficient examples of each type of sonar in the 
training data set. For the initial detection of sonar presence in large archival PAM data 
sets therefore, a deep learning approach was not deemed necessary. An anticipated use 
of a lower accuracy classifier such as the GBRF would be to identify periods of sonar to 
allow targeted manual labelling at a higher temporal resolution, from which deep 
learning classifiers could be developed for ecological questions on the scale of individ-
ual sonar signals.
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The use of a classifier robust to redundant features in the GBRF pipeline means 
acoustic indices do not need to be manually tailored for each soundscape and type of 
sonar. This pipeline is therefore theoretically highly applicable across soundscapes 
and sonar types provided a subset of acoustic indices are influenced by sonar in a 
sufficiently unique way relative to other noise sources in the soundscape. The data 
used in these initial results was a “challenging” domain as it included significant 
vessel noise and delphinid vocalization overlapping in frequency and time with 
sonar, along with echosounders with similar features but a different frequency range. 
As such the GBRF pipeline is considered promising approach.

Results and pipelines presented here are a preliminary study designed to test the 
feasibility of three approaches to the problem of generalizable sonar classification at 
low temporal resolutions. Further pipeline development and testing is required. The 
theoretical robustness of the GBRF pipeline across soundscapes and sonar types has 
yet to be explicitly tested, nor has the performance of the model when specific types 
of sonar are excluded from the data sets. As such the results report ed here should be 
seen as a baseline from which furt her development will be carried out.

Conclusion 

This preliminary study was designed as part of a wider project to see if a general-
izable sonar classification pipeline could be developed that would be easily adapt-
able to new soundscapes and robust to new sonar types. We presented initial results 
comparing different pipelines which are theoretically generalizable, with a GBRF 
pipeline performing the best. Adapting an existing CNN from 3-s classification to 
20-min classifications returned poor results with an F1 score of 0.57. Despite an F1 
score of 0.74, which would be considered low relative to state-of-the-art deep 
learning techniques, the potential use of the GBRF was demonstrated using a 
human-in-the-loop approach to validate periods of sporadic positive predictions. 
Model outputs over the 52-day deployment revealed a 12-day period of dense sonar 
use, before and after which predicted sonar could be efficiently manually validated 
meaning this period had an effective precision of 1.0. These predictions would allow 
a user to discard irrelevant data during further analysis efforts at finer temporal 
resolutions or answer broader ecological questions such as the soundscape contri-
bution of sonar in this period. Further testing around pipeline generalizability and 
model refinement is required, but these results suggest a GBRF with acoustic indices 
as input features provides a promising approach to identify the presence of sonar 
signals in large PAM d atasets in which incidental sonar occurs.
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