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Abstract
Research and development into automated systems that can detect the vocalizations
of endangered species of whales within acoustic recordings is a difficult yet important task. Over the past several years, hundreds of deceased whales have washed
ashore along the coasts of North America. In many cases the primary cause of
death of these species has been directly linked to human activity including vessel
collisions and entanglement in fishing gear. In this work, we introduce preliminary
work towards developing an end-to-end detection system using a Region-based
Convolutional Neural Network (R-CNN) trained on spectrogram representations
of acoustic recordings and labelled bounding boxes around the vocalizations of
three species of endangered baleen whales: blue, fin, and sei whales. In this way,
the R-CNN can detect vocalizations in terms of both time and frequency against a
background of ambient noise and other non-biological sources. The R-CNN can
be used by stakeholders and policy makers to mitigate the risk of collisions and
entanglements when the aforementioned species are detected in a given area.
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Introduction

Conservation studies have shown that human activity has been detrimental to over 40 percent of the
ocean’s ecosystems [3]. In some cases, human activity has been directly linked to population decline
for various species of marine life [15]. A large contributor to the more recent (i.e., 21st century)
decline in population of baleen whales is vessel collisions in busy shipping channels as well as
entanglement in fishing gear. In order to reduce the risk of collisions and entanglement, the Canadian
government has started to impose speed restrictions and temporary fishing bans when endangered
whales are present in protected areas. However, determining whether a given species is present or not
can be a difficult task and often the aforementioned restrictions are imposed after an incident or death
has occurred rather than as a safe measure.
One of the more robust techniques used to determine presence/absence of endangered whales is
through the analysis of acoustic recordings. Such analysis is often referred to by marine biologists
as Passive Acoustic Monitoring (PAM) and is preferred to GPS tagging and visual surveys as it is
non-invasive and less susceptible to poor weather conditions [16]. Often, the necessary acoustic
recordings used for PAM are collected using specialized hardware fitted with hydrophones and several
terabytes of storage. These devices can be left static for several months at a time and produce very
large quantities of data. PAM can also be carried out in real-time using ocean gliders or an array of
hydrophones towed behind a vessel. In this work, we employ a Region-based Convolutional Neural
Network (R-CNN) trained on the former category of acoustic recordings, i.e.: a large corpus of
recordings that were collected using moored devices off the coast of Atlantic Canada. In particular,
the R-CNN is trained in the frequency domain using spectrograms to detect bounding boxes around
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the vocalizations of three species of endangered baleen whales: blue whales (Balaenoptera musculus,
BW), fin whales, (Balaenoptera physalus, FW), and sei whales (Balaenoptera borealis, SW).
We propose that the R-CNN can be used in almost real-time on board a vessel, an ocean glider,
or a moored device with telecommunication capabilities to determine presence/absence of the
aforementioned species of endangered whales. By continuously monitoring for the presence of
endangered species in close to real-time, policy makers can enforce restrictions on vessels and fishing
more effectively.
1.1

Related Work

Research and development into automated systems for detecting marine mammals within acoustic
recordings has been a topic of interest for many years [8, 11]. Much of the research that has taken
place over the past decade or so has been focused on designing specialized detection algorithms
using templates or hand-engineered features pertaining to different types of vocalizations produced
by a specific species [1, 9, 12, 14]. These systems are often not able to generalize to new sources
of noise or additional species of marine mammals that were not considered during the design of the
algorithm. More recently, several researchers have used CNNs to develop more generalizable systems
that are capable of determining whether particular species are present or absent within samples of a
full recording [7, 13]. While the results of these systems are quite promising, they are only capable of
determining presence/absence in terms of time. Additionally, they are limited to detecting one species
per sample even if multiple vocalizations from different species are present within the same sample.
To the best of our knowledge, no work has previously been reported towards developing a marine
mammal vocalization detection system using deep learning that is capable of handling multi-species
detection in the both time and frequency.
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2.1

Data Collection and Processing
Acoustic recordings

A large collection of acoustic recordings were captured off the coast of Atlantic Canada during the
summer and fall of 2015 and 2016. The recording locations were situated along an area of biological
interest known as the Scotian Shelf. The recordings were sampled at 8kHz and 250kHz, however,
we restrict our training data to the lower sampling rate as the majority of endangered baleen whale
vocalizations fall well below 1000Hz. A small percentage of the acoustic recordings were analyzed
by expert marine biologists and subsequently annotated to produce bounding boxes around example
vocalizations of the three previously mentioned species of baleen whales. As marine biologists are
often only concerned with presence/absence of specific species, the acoustic recordings were only
partially labelled. For example, if two vocalizations fell within several seconds of one another, it is
likely that only one was annotated, as illustrated in Figure 1.
2.2

Spectrograms of acoustic signals

The examples shown in Figure 1 each depict a visual representation of an acoustic signal known as a
spectrogram. Roughly speaking the spectrogram representation of a signal x can be obtained as the
square of the absolute-value of the Short-time Fourier Transform expressed below:

X(n, ω) =

∞
X

x[m]w[m − n]e−jωm ,

(1)

m=−∞

where time (n) is discrete, frequency (ω) is continuous, and w is a windowing function.
In much of the related literature–both traditionally using convolved templates and classification of
hand-engineered features, as well as more recently using deep learning–the algorithms developed
to detect marine mammal vocalizations operate in the frequency domain (i.e., using spectrograms).
One reason for the ongoing use of spectrograms is that they are the primary resource used by marine
biologists during annotation as they allow for fast analysis of signals inside and outside of the human
hearing range.
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Figure 1: Example annotations (top row) and corresponding predictions made by the R-CNN (bottom
row) for several example vocalizations produced by the three species of interest. As previously
mentioned vocalizations have only been partially labelled, for example: in row 1 column 5, there
appears to be several sei whale vocalizations occurring consecutively, however, only one has been
annotated. Interestingly, the R-CNN has detected two vocalizations and therefore the reported metrics
for this test instance would be artificially low.
2.3

Training data and experimental setup

Distinct data sets for training, validating, and testing the R-CNN were produced using a stratified
sampling routine and a random split ratio of 70/15/15, respectively. A single training instance can be
interpreted as a tensor with one channel corresponding to a spectrogram. In practice the spectrograms
were not produced using Equation 1 directly, but rather a Fast Fourier Transform (FFT) algorithm.
The FFT was used to produce a spectrogram of a signal five seconds in length using the Hann
windowing function with a window length of 2048 samples and a window overlap of 512 samples.
Due to the low-frequency nature of the vocalizations we are interested in, the spectrograms used
during training were truncated using a maximum frequency of 512Hz.
We adopt the architecture proposed in [4] known as Mask R-CNN implemented in Python using the
open-source deep learning framework PyTorch [10]. Specifically, we use ResNet-50 [5] for feature
extraction coupled with a Feature Pyramid Network (FPN) [6] as a backbone. The 256 output features
of the FPN are then handed to the standard Region Proposal Network (RPN) producing 1000 region
of interest (RoI) proposals per training instance. The 1000 RoIs are then passed through the RoIAlign
procedure and the head network composed of fully connected layers for classification and bounding
box regression.
The R-CNN was trained for 100 epochs with early stopping being evaluated on the loss of the
validation set. Four NVIDIA P100 Pascal GPUs each with 16GB of memory and a batch size of 4
were used for training. The initial learning rate of the stochastic gradient descent algorithm was set to
0.003 and decayed by a factor of 10 when the loss of the validation set stopped decreasing.
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Preliminary results

The results detailed in this section depict the median of ten training runs using different random
number generator seed values to produce distinct training, validation, and test data sets.
The R-CNN performs well when considering a low Intersect over Union (IoU) (e.g., AP/AR@.5)
between the ground truth bounding boxes and the predictions, as reported in Table 1. The performance
drops for IoU values larger than 0.7, which is reflected through the mAP/mAR@[.5:.95] columns of
the same table. Notably, the R-CNN outperforms the current detection algorithms used in production
at JASCO Applied Sciences for both fin and sei whales. These algorithms are implemented using a
more traditional approach by first extracting candidate detections as contours within spectrograms [9]
3

and comparing specific features extracted from the contours against ground truth templates. A full
comparison of the detection algorithms for blue whale vocalizations was not possible as the JASCO
detectors require 30 second samples to detect blue whales and the R-CNN was trained using only five
second samples.
Table 1: Median values of the average precision (AP) and average recall (AR) metrics evaluated over
various IoU thresholds as described in the COCO Detection Challenge† .
Species
Overall
Blue whale
Fin whale
Sei whale
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Label
BW
FW
SW

AP@.5
R-CNN JASCO
82.1
85.7
75.3
65.0
85.4
75.7

mAP@[.5:.95]
R-CNN JASCO
41.8
52.8
30.8
27.4
41.9
35.0

AR@.5
R-CNN JASCO
91.9
96.2
89.9
62.6
89.7
34.4

mAR@[.5:.95]
R-CNN JASCO
54.8
70.9
40.0
35.0
49.4
18.4

Conclusion

The endangered baleen whales mentioned throughout this work are three of several cetaceans that
make up the top of the aquatic food chain. Subsequently, their population levels play a major role in
the lives of those lower in the food chain and the the long-term stability of the ocean’s ecosystems [2].
Moreover, each of the species focused on in this work were primary targets during the commercial
whaling industry. While, the populations of many species of cetaceans, including some pods of blue
whales and fin whales, have been rising since commercial whaling was banned in the late 1980’s,
increased human activity at sea has presented another significant threat to the livelihood of these
species. In order to reduce this threat governmental policy makers must continue to impose speed
restrictions and temporarily suspend fishing activities in susceptible areas.
It is our belief that continuous monitoring of cetaceans and effective policy decisions are feasible
through PAM and the R-CNN implementation outlined in this paper.
4.1

Future work

The work outlined in this paper is preliminary and part of an ongoing project focused on detecting the
vocalizations of various species of marine mammals–both endangered and non-endangered–within
acoustic recordings. More specifically, larger models which include data that was collected in various
locations around the world allow for the inclusion of species not present along the coast of Atlantic
Canada as well as the ability to interpret various sources of ambient noise (i.e., soundscapes).
Recent work has demonstrated that CNNs trained to detect whale vocalizations are able to generalize
to new species using transfer learning [13]. We intend to exploit transfer learning in order to finetune the model described in this work to detect the vocalizations of the North Atlantic right whale
(Eubalaena glacialis) for which there is very limited available training data due to extremely low
population levels (< 400 individuals).
A major limitation of the current implementation is partially annotated data. Research into using semi
and/or weakly-supervised learning methods is currently in progress. Another possible solution which
is being considered is to employ active learning in an expert environment to correct partial labels.
Finally, further work with respect to model compression is in progress such that the network described
above can be used in real-time.
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