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Author summary

There is a critical need for robust and accurate tools to scale up biodiversity monitoring
and to manage the impact of anthropogenic change. For example, the monitoring of bat
species and their population dynamics can act as an important indicator of ecosystem
health as they are particularly sensitive to habitat conversion and climate change. In this
work we propose a fully automatic and efficient method for detecting bat echolocation
calls in noisy audio recordings. We show that our approach is more accurate compared to
existing algorithms and other commercial tools. Our method enables us to automatically
estimate bat activity from multi-year, large-scale, audio monitoring programmes.

Introduction
There is a critical need for robust and accurate tools to scale up biodiversity monitoring and to
manage the impact of anthropogenic change [1, 2]. Modern hardware for passive biodiversity
sensing such as camera trapping and audio recording now enables the collection of vast quan-
tities of data relatively inexpensively. In recent years, passive acoustic sensing has emerged as a
powerful tool for understanding trends in biodiversity [3–6]. Monitoring of bat species and
their population dynamics can act as an important indicator of ecosystem health as they are
particularly sensitive to habitat conversion and climate change [7]. Close to 80% of bat species
emit ultrasonic pulses, or echolocation calls, to search for prey, avoid obstacles, and to commu-
nicate [8]. Acoustic monitoring offers a passive, non-invasive, way to collect data about echo-
locating bat population dynamics and the occurrence of species, and it is increasingly being
used to survey and monitor bat populations [7, 9, 10].

Despite the obvious advantages of passive acoustics for monitoring echolocating bat popu-
lations, its widespread use has been hampered by the challenges of robust identification of
acoustic signals, generation of meaningful statistical population trends from acoustic activity,
and engaging a wide audience to take part in monitoring programmes [11]. Recent develop-
ments in statistical methodologies for estimating abundance from acoustic activity [4, 12, 13],
and the growth of citizen science networks for bats [9, 10] mean that efficient and robust audio
signal processing tools are now a key priority. However, tool development is hampered by a
lack of large scale species reference audio datasets, intraspecific variability of bat echolocation
signals, and radically different recording devices being used to collect data [11].

To date, most full-spectrum acoustic identification tools for bats have focused on the
problem of species classification from search-phase echolocation calls [11]. Existing methods
typically extract a set of audio features (such as call duration, mean frequency, and mean
amplitude) from high quality search-phase echolocation call reference libraries to train
machine learning algorithms to classify unknown calls to species [11, 14–19]. Instead of using
manually defined features, another set of approaches attempt to learn representation directly
from spectrograms [20, 21]. Localising audio events in time (defined here as ‘detection’), is an
important challenge in itself, and is often a necessary pre-processing step for species classifica-
tion [22]. Additionally, understanding how calls are detected is critical to quantifying any
biases which may impact estimates of species abundance or occupancy [12, 23]. For example,
high levels of background noise, often found in highly disturbed anthropogenic habitats such
as cities, may have a significant impact on the ability to detect signals in recordings and lead to
a bias in population estimates.
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Detecting search-phase calls by manual inspection of spectrograms tends to be subjective,
highly dependent on individual experience, and its uncertainties are difficult to quantify [24].
There are a number of automatic detection tools now available which use a variety of methods,
including amplitude threshold filtering, locating areas of smooth frequency change, detection
of set search criteria, or based on a cross-correlation of signal spectrograms with a reference
spectrogram [see review in 11]. While there are some studies that analyse the biases of auto-
mated detection (and classification) tools [25–30], this is generally poorly quantified, and in
particular, there is very little published data available on the accuracy of many existing closed
source commercial systems. Despite this, commercial systems are commonly used in bat
acoustic survey and monitoring studies, albeit often with additional manual inspection [9, 10].
This reliance on poorly documented algorithms is scientifically undesirable, and manual
detection of signals is clearly not scalable for national or regional survey and monitoring. In
addition, there is the danger that manual detection and classification introduces a bias towards
the less noisy and therefore more easily identifiable calls. To address these limitations, a freely
available, transparent, fast, and accurate detection algorithm that can also be used alongside
other classification algorithms is highly desirable.

Here, we develop an open source system for automatic bat search-phase echolocation call
detection (i.e. localisation in time) in noisy, real world, recordings. We use the latest develop-
ments in machine learning to directly learn features from the input audio data using super-
vised deep convolutional neural networks (CNNs) [31]. CNNs have been shown to be very
successful for classification and detection of objects in images [32, 33]. They have also been
applied to various audio classification tasks [34–36], along with human speech recognition
[37, 38]. Although CNNs are now starting to be used for bioacoustic signal detection and clas-
sification tasks in theoretical or small-scale contexts (e.g. bird call detection) [39], to date there
have been no application of CNN-based tools for bat monitoring. This is mainly due to a lack
of sufficiently large labelled bat audio datasets for use as training data. To overcome this, we
use data collected and annotated by thousands of citizen scientists as part of our Indicator Bats
Programme [7] and Bat Detective (www.batdetective.org). We validate our system on three
different challenging test datasets from Europe which represent realistic use cases for bat sur-
veys and monitoring programmes, and we present an example real-world application of our
system on five years of monitoring data collected in Jersey (UK).

Materials and methods

Acoustic detection pipeline
We created a detection system to determine the temporal location of any search-phase bat
echolocation calls present in ultrasonic audio recordings. Our detection pipeline consisted of
four main steps (Fig 1) as follows: (1) ���� �����	� 
������� ��������—Raw audio (Fig 1A)
was converted into a log magnitude spectrogram (FFT window size 2.3 milliseconds, overlap
of 75%, with Hanning window), retaining the frequency bands between 5kHz and 135kHz
(Fig 1B). Recordings with a sampling rate of 44.1kHz, time expansion factor of 10, and 2.3ms
FFT window, resulted in a window size of 1,024 samples. We used spectrograms rather than
raw audio for analysis, as it provides an efficient means of dealing with audio that has been
recorded at different sampling rates. Provided the frequency and time bins of the spectrogram
are of the same resolution, audio with different sampling rates can be input into the same
network. (2) �	��������–We used the de-noising method of [40] to filter out background noise
by removing the mean amplitude in each frequency band (Fig 1C), as this significantly
improved performance. (3) ������������� �	���� �	����� �	�	�����–We created a convolu-
tional neural network (CNN) that poses search-phase bat echolocation call detection as a
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