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The application of deep learning to solving acoustic detection and identification challenges is a rapidly-evolving 
subfield of underwater acoustics. Automatic signal identification can be used for many applications, like enabling the 
compilation of large datasets from many sources, which can be used to better constrain source-specific characteristics 
and trends. Earlier analyses (Garibbo et al., 2020) identified the different contributions of wind, weather, shipping 
and earthquakes. The long-term acoustic measurements regularly include calls from fin whales, whose presence and 
vocal activities in the area vary with seasons; their 20-Hz calls are sometimes mixed with other signals, like 
earthquakes or shipping. We present here the application of deep learning to automatically identify these whale calls. 
Percentile analyses of the temporal variation of the frequency of calls, their Power Spectral Density (PSD), and Sound 
Pressure Level (SPL) is carried out to determine their respective contributions to the overall soundscape and 
highlight relevant information about these whale populations. The deep learning approaches selected here can also be 
used for other types of animal vocalisations and for other short-term processes (e.g. passing ships, earthquakes of 
different types), assisting in their identification and in the statistical and temporal analyses of low-frequency 
soundscapes.
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1. INTRODUCTION

Underwater acoustic data can be utilised in a broad selection of fields: the study of marine animals and
their behaviours;1–3 climate and weather;4–6 acoustic source localization;7 noise pollution;8, 10 subsurface
imaging,9 and many more. One common challenge of studies involving acoustic data is the large volume
of data they can accumulate. The human analyst responsible for the identification of acoustic signatures of
interest within the data can quickly become the limiting factor as the size of the dataset increases.11 The
application of deep learning can address this issue.

Deep learning is a subset of machine learning, and is distinguished from machine learning by the re-
quired input information; machine learning performs tasks using pre-defined feature characteristics, whereas
the key concept of deep learning is that feature characteristics are ‘learned’ from the raw data.12 Deep learn-
ing achieves this through multiple layers of processing - layers closest to the input data extract simple
features, and the layers closest to the output data extract more complex features from the lower layers.12

The ’learning’ done in deep learning refers to weights and biases between layers, which are fine-tuned on
each iteration of a deep learning algorithm to exhibit a desired behaviour - in the case of image classification,
this behaviour would be correctly classifying an image,13 a task which has achieved human-level accuracy
in the last decade.14, 15

This work focuses on one year of passive acoustics data (2018) from the Lofoten-Vesterålen (LoVe)
Observatory in Norway, following up on a previous study on the same dataset that identified the sources
of sound present16 - one of which was fin whales. One of the most common calls made by all fin whale
populations is the “20 Hz call”.17, 18 The 20 Hz calls are approximately 1 s in duration, consist of a frequency
down-sweep between approximately 25 Hz and 17 Hz,19 and are typically separated by an interval between 9
s and 34 s.17 The global distribution of fin whales means that this high amplitude call, capable of propagating
over large distances, is a common feature of the world’s ocean soundscape.19 It is thought to be a call made
by male fin whales during breeding season to attract females from great distances19, 20 as unlike other whales,
fin whales do not gather in specific areas to mate.21

Figure 1: Layout of the LoVe observatory offshore of the Lofoten Islands (insert shows the location
offshore northern Norway marked with a red box). The numbers 1 to 7 are used to label the nodes of the
observatory - data shown here is from node 1.22
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2. DATA AND METHOD

The LoVe observatory (Fig. 1) is located approximately 15 km offshore of the Lofoten Islands in Nor-
way, at a depth of 255 m on the continental shelf.22 It is situated within the Hola Trough - one of many
troughs formed during the last glaciation - and hosts cold water coral reefs, sandwave fields, and glacigenic
deposits.23–25 The hydrophone (a calibrated Ocean Sonic SB35 ETH) records between 10 Hz and 200 kHz,
and is mounted approximately 0.5 m above the seabed on a metallic structure which is anchored into the
seabed.26

Annotated data is a prerequisite for any deep learning approach. 2863 examples of 20 Hz fin whale calls
in the LoVe data were annotated in Audacity™.27 As the approximate duration of a 20 Hz fin whale call
is 1 s, the annotated data was split into 1 s windows, with 50% overlap. Trimming and augmenting the fin
whale annotations to match the window lengths resulted in 10,018 fin whale spectrogram segments. These
annotations were then split into training and validation datasets, and one test dataset - 80% and 20% of the
data respectively. These datasets were used to train the fin whale deep learning algorithm in Ketos.28

Ketos is a Python software which was developed in 2019 by Meridian, and it provides a user-friendly
interface for acoustic researchers with minimal knowledge of deep learning.28 The annotations were fed into
a blank type of residual neural network architecture, and trained for 30 epochs; this provided a satisfactory
balance between computation time and performance. This algorithm was tested against two test datasets -
607 annotations of fin whale calls, and 607 annotations of randomly selected noise. The Ketos algorithm
made a total of 572 fin whale call detections. Of these detections, 569 were verified as fin whale calls and
3 were false positive detections. An additional 35 calls were misclassified as noise and had SNRs ranging
from 20 to 36 (for comparison, the SNRs of 35 randomly selected annotations of fin whale calls from the
test dataset ranged from 47 to 113). This results in an algorithm accuracy of 93.7%, a precision of 99.4%,
and a recall rate of 94.2%. The algorithm was then run over all available data from LoVe, and the detections
can be seen in Fig. 2.

Ketos provided a significant short-cut to the identification of 20 Hz fin whale calls over 2018; once the
best approach to annotating the audio data had been established, it took up to approximately 20 minutes to
manually annotate 10 minutes of data. In total, 3919 hours of data needed to be analysed. For the collection
of the 2863 annotations for the initial datasets, days were chosen randomly throughout the year that had
high call densities, and about 8 hours was spent on annotation. Ketos has an inbuilt function that uses the
call annotations and the lengths of the individual files to randomly select background noise, so no tangible
amount of time was spent on collecting the background noise samples. Then, Ketos took less than a day to
run over the full 2018 dataset.
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Figure 2: Ketos detections from all
available data in 2018. The grey boxed
areas show periods of time with no
available or use-able data. The blue in-
sert shows an example spectrogram of
the 20 Hz fin whale calls that were fed
into Ketos for analysis.
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Figure 3: Received PSD measurements (averaged over 15-25 Hz) of all detected 20 Hz fin whale calls.
Error bars show ± 1 standard deviation.

3. DISCUSSION

The number of 20 Hz fin whale calls peaks in January, February, March, and December, as seen in Fig.
2. This coincides with fin whale breeding season in the northern hemisphere,29 when the 20 Hz calls are
expected to peak in frequency. There is a notable drop in call detections from the 10th to 30th January, and a
rapid drop between February and the beginning of March, where detections increase again towards the end
of the month. Over the course of these months (breeding season), the number of detected calls peaks before
the earliest sunrise.

The drop of call detections in January coincides with a period of increased shipping, and a dominant
wind in a northeasterly direction,30 which would blow over the Love hydrophone in the absence of shielding
landmass - see Fig. 1. An explanation could be that the 20 Hz calls present were masked by environmental
noise (e.g. wind, local shipping noise) - a possibility that is supported by the lower SNRs of the misclassified
noise. However, it may be that the fin whales stopped vocalising or changed song type,18 or passed into a
region that was not conducive to sound propagating to LoVe, as the location of the source whales is unknown.

The Power Spectral Density (PSD) levels of the received 20 Hz calls are displayed in Fig. 3. The PSD
levels of the calls vary considerably from month to month, with the most well-constrained PSD measure-
ments occurring in February. The variation in PSD likely reflects the source whales’ average distance from
the hydrophone, but it may also be that the extent to which the measurements are constrained is dictated by
how geographically constrained the source whales are.

4. CONCLUSION

By utilising deep learning, a detector has been constructed to identify over 90% of 20 Hz fin whale
calls present in all available data at the LoVe observatory in 2018. The number of calls peaks in the winter
months, coinciding with fin whale breeding season in the northern hemisphere (which is when 20 Hz calls are
expected to peak). The received PSD levels of the calls show considerably reduced variability in February,
suggesting that the source whales were at a similar distance, and/or geographically constrained, at this time.
This approach can be adapted and applied to other signals of interest: by choosing a visualisation of the data
that enhances the distinctiveness of the signal (e.g. spectrogram, waveform, etc.) and parameters that reflect
the signal characteristics (e.g. window lengths), the foundations of a deep learning algorithm can be set up
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and a deep learning detector can be established within Ketos.28 By expanding this approach to other types
of low-frequency ocean acoustic processes,16 we can examine the interplay between components of the
soundscapes and benefit from the gains in time and accuracy offered by validated deep learning approaches.
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24 S. Sauer, A. Crémière, J. Knies, A. Lepland, D. Sahy, T. Martma, S. R. Noble, J. Schönenberger, M. Klug,
C.J. Schubert, “U-Th chronology and formation controls of methane-derived authigenic carbonates from
the Hola trough seep area, northern Norway”, Chemical Geology 470, 164–179 (2017).

25 T. Van England, O. R. Godø, E. Johnsen, G. C. A. Duineveld, D. van Oevelen, “Cabled ocean observatory
data reveal food supply mechanisms to a cold-water coral reef”,Progress in Oceanography, 172, 51–64
(2019).
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