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Conservationists are increasingly using autonomous acoustic recorders to determine 
the presence/absence and the abundance of bird species. Unlike humans, these record-
ers can be left in the field for extensive periods of time in any habitat. Although data 
acquisition is automated, manual processing of recordings is labour intensive, tedious, 
and prone to bias due to observer variations. Hence automated birdsong recognition 
is an efficient alternative.

However, only few ecologists and conservationists utilise the existing birdsong rec-
ognisers to process unattended field recordings because the software calibration time 
is exceptionally high and requires considerable knowledge in signal processing and 
underlying systems, making the tools less user-friendly. Even allowing for these dif-
ficulties, getting accurate results is exceedingly hard. In this review we examine the 
state-of-the-art, summarising and discussing the methods currently available for each 
of the essential parts of a birdsong recogniser, and also available software. The key 
reasons behind poor automated recognition are that field recordings are very noisy, 
calls from birds that are a long way from the recorder can be faint or corrupted, and 
there are overlapping calls from many different birds. In addition, there can be large 
numbers of different species calling in one recording, and therefore the method has 
to scale to large numbers of species, or at least avoid misclassifying another species as 
one of particular interest. We found that these areas of importance, particularly the 
question of noise reduction, are amongst the least researched. In cases where accurate 
recognition of individual species is essential, such as in conservation work, we suggest 
that specialised (species-specific) methods of passive acoustic monitoring are required. 
We also believe that it is important that comparable measures, and datasets, are used 
to enable methods to be compared. 
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Introduction

According to the International Union for the Conservation 
of Nature Red Data List (IUCN 2014) 1373 (more than 
13%) of the total world bird species are vulnerable or in 
immediate danger of extinction. Effective bird monitoring 
methods are needed to assess species presence, abundance 
and evaluate the consequences of current species manage-
ment-for-conservation practices and provide an indication of 
overall balance of a given biome (Vielliard 2000, Dawson and 
Efford 2009, Towsey et al. 2012, Digby et al. 2013). However, 
methods to accurately estimate bird population sizes require a 
great deal of time and effort and are costly, thus they are only 
applied at small scales (Sutherland et al. 2004). Conservation 
managers need cost-effective tools to monitor the changes in 
population size of the species they manage, often in difficult 
terrain and over large areas. Birdsong is often used to detect, 
monitor, and quantify species because it is effective even when 
the individuals are out of sight. Humans are capable of iden-
tifying birds aurally: the average person can recognise bird 
calls in their backyard, while experts can identify thousands 
of bird species by their song alone. The common approach of 
estimating populations – the call count (point count) survey 
and similar methods (Barraclough 2000, Taylor and Pollard 
2008) – are labour intensive and prone to bias, as they depend 
on the expertise and hearing capacity of individual observers 
(Emlen and DeJong 1992, Sauer et al. 1994, McLaren and 
Cadman 1999, Rosenstock et al. 2002, Brandes 2008). The 
results of point count call surveys are subjective, have high 
errors when the call rate is high (Hutto and Stutzman 2009), 
or those is a lot of ambient noise (Simons et al. 2007), and 
the presence of observers can affect the vocal activity of the 
birds (Bye et al. 2001). These surveys are usually carried out 
during fine weather in easily accessible areas; therefore, they 
can be biased by weather conditions and location. Further, as 
call count surveys are short (usually 5–10 min; Dawson and 
Bull 1975, Angehr  et  al. 2002), they cannot fully describe 
temporal patterns (Digby et al. 2013, Potamitis et al. 2014): 
Loyn (1985) and Vielliard (2000) for example, observed that 
call counts over periods of less than 20 min underestimated 
rare species.

Today, high-end weather-proof bio-acoustic recorders 
with long battery life and high memory capacity are available 
for affordable prices. These automatic recorders are specially 
designed for collecting long autonomous field recordings 
with minimum human intervention. One can schedule the 
recorders and mount them in the field and return weeks 
or months later for the data, or set up a sensor network to 
directly download data to the laboratory (Stattner  et  al. 
2012, Wimmer et al. 2013). The recorders can be operated 
in 24/7 mode, meaning that they are capable of capturing 
both the diurnal and nocturnal sonic environment, includ-
ing any rare or cryptic bird vocalisations, in any habitat, 
including ecologically sensitive areas or areas that are difficult 
to access. Practical comparisons between long time record-
ings by autonomous recorders and human observers have 
confirmed that the former is capable to detect more species 

(Cunningham  et  al. 2004, Acevedo and Villanueva-Rivera 
2006, Towsey et al. 2014, Shonfield and Bayne 2017) while 
sometimes the comparisons are biased when the point counts 
also consider the visual detection of species (Hutto and 
Stutzman 2009, Elliot et al. 2016).

Conservation managers are increasingly interested in 
using these unattended (automated) recorders to infer the 
presence, abundance and decline of their target species. 
After collecting the recordings, they are generally processed 
through spectrogram reading and/or listening by experienced 
observers, a labour intensive task that means it is not fea-
sible to manually process weeks or months’ worth of field 
recordings (Taylor 1995, Wimmer  et  al. 2013, Brighten 
2015, Colbourne and Digby 2016). As just one exam-
ple, Figueira  et  al. (2015) manually analysed more than 
2,000 hours of recordings to examine the difference in use of 
Amazon old forest and secondary forest by parrots.

Thus, automated birdsong recognition could play an 
important role in environmental monitoring if the recogniser 
is capable of processing noisy field recordings and producing 
robust results. While there has been considerable research on 
automated birdsong recognition to date, the need for further 
development is evident given that ecologists and conservation 
managers still spend a great deal of time manually scanning 
field recordings because none of the available automated bird-
song recognition software fulfil their requirements reliably 
(Swiston and Mennill 2009, Goyette et al. 2011, Potamitis 
2014, Potamitis et al. 2014, Ulloa et al. 2016). However, the 
potential of automated detection combined with a degree of 
human calibration to cope with large datasets is encouraging 
(Urazghildiiev and Clark 2007, Digby et al. 2013, Brighten 
2015, Rocha et al. 2015).

Evidently, reliable automated recognition of bird species 
of conservation interest from long duration field recordings 
is not an easy task: Box 1 summarises the difficulties associ-
ated with automated birdsong recognition from automatic 
recorders. It is important to note that there are many tasks 
in conservation and wildlife management where automated 
recorders can provide useful data, and different analysis tools 
will be needed to successfully achieve many of these tasks. We 
focus on the underlying requirement for species-level bird-
song recognition, which is an important precursor to many 
of these analysis tools. In addition, machine-based methods 
are unlikely to be more successful than humans, who can 
be easily confused by the sounds of juvenile birds and other 
variations on standard calls, as well as mimics.

In this paper we review the published methods for the 
automatic processing and recognition of birdsong, primarily 
from the viewpoint of processing long field recordings (where 
there is significant noise, and the birds are at a variable dis-
tance from the microphone.) We break the problem down 
into four main areas: preprocessing (particularly noise reduc-
tion), call detection/segmentation (while these two terms are 
often used interchangeably, we differentiate between them 
by considering call detection as being the detection of puta-
tive calls from long recordings, while segmentation includes 
isolating those calls from the recording), feature choice, and 
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classification, summarising the literature for each of these 
areas separately. We use tables to review the research litera-
ture in order to allow direct comparisons; the text is used to 
expand some details of this and highlight particularly inter-
esting examples.

Unfortunately, it is not always easy to present the data in 
a uniform way. For example, when seeking to compare the 
amount of data processed, some authors report the number 
of calls (usually because human-segmented calls were used 
as input) while other report the number of hours of record-
ings. One important difference between the results reported 
in the literature is whether or not the recordings have been 
processed manually in any way before analysis. We use the 
label ‘Automatic’ to mean that data is taken from automatic 
recorders and used by the algorithms as is, without human 
modification (except labelling of calls as exemplars for differ-
ent species). The term ‘Manual’ covers data that is not col-
lected automatically, either because of the use of humans to 
perform the recording, or segmentation, or pre-processing.

Within each table papers are ordered by our subjective 
assessment of how likely their methods are to be success-
ful for the analysis of field recordings. In our experience, it is 
important to go beyond small-scale, clean and manually pro-
cessed datasets and deal with real-world data, which exhibits 
high variability in both signal and noise. Therefore, we have 
given priority to literature that we believe exhibits the abil-
ity to scale to large numbers of long noisy recordings and 
many species, and thus successfully deal with real-world data.  
Figure 1 provides a flowchart to assist researchers who wish to 
identify the most current and appropriate methods to deal with 
different circumstances according to our review. Following 
this summary of the methods, we consider the software that 
is currently available for wildlife managers and ecologists who 
wish to automatically process field recordings of birdsong. 

In addition, the protocols used in data collection directly 
affect the decisions made based on this data. Therefore, it 
is critical that standard protocols for data acquisition with 
automatic recorders are developed. These protocols need to 
be compatible with the behaviour and the ecology of the 
birds, their distribution and habitat, and the nature of the 
vocalisations – hence species-specific. Figure 2 illustrates 
an abstracted view of how data acquisition, development 
of protocols, and data analysis (automatic birdsong recog-
nition) can work together in practice even though we do 
not further discuss the protocols in this paper. There is 
substantial related work in auditory processing of sound 
from other animals, see for example Mellinger et al. (2007), 
Skowronski and Fenton (2008), Marques et al. (2013) for 
marine mammals, bats, and amphibians. These are all parts 
of the area known as soundscape ecology (Schafer 1977, 
Pijanowski et al. 2011, Farina 2014). While there is often 
substantial crossover between the aims of the methods in 
these domains, and this is obviously fertile ground for tech-
nology transfer, we note that there are also significant dif-
ferences – not least the huge variety in bird calls between 
and even within a species – and for reasons of space, do not 
consider this literature further in this survey.

Preprocessing, call detection and 
segmentation

Calling birds produce slight fluctuations of air pressure, which 
the auditory system resolves as sound, as can a microphone; 
the latter turns these air vibrations into voltages so that it is 
possible to record them digitally (Catchpole and Slater 2003, 
Mindlin 2013). To obtain a discrete time digital signal from 
a continuous time analogue signal, the continuous signal 

Box 1. Challenges associated with implementation of automated birdsong recognition to process field 
recordings.

1.	 There is a plethora of unavoidable environmental noise overlapped with field recordings.
2.	 Bird vocalisations are of varying power because birds can be anywhere, some closer and some further away, and at different angles 

to the recorder’s microphones. Accordingly, some songs are louder and some are quieter in the recordings. During song analysis 
(segmentation), normally the faint songs tend to not be included because noise makes them less visible. The challenge is to main-
tain accuracy while improving the sensitivity to the target sounds.

3.	 Birds (of the same or different species) call on top of each other, for example when duetting, during the dawn or dusk chorus, and 
when they live in flocks.

4.	 There is large inter- and intra-species song variability. Birds maintain their own song repertoire, with the size of the repertoire and 
the complexity varying across the species. Some species repeat the same song, while others have a variety of songs and are capable of 
creating new songs. Many bird species exhibit geographical variations on their songs (Hill et al. 2013). Although this phenomenon 
is a challenge in species recognition, it could possibly allow individual recognition (Gilbert et al. 1994, Cheng et al. 2010, Baldo 
and Mennill 2011, Dent and Molles 2016, Ptacek et al. 2016).

5.	 Similarly to human speech, a bird may generate the same song with short or long duration in different situations. Further, birds 
are capable of adapting their sounds according to the environment (song plasticity), not just the temporal modulation, some bird 
species use spectral modulation to successfully deal with increasing anthropogenic noise due to urbanisation (?) Birds also gener-
ate incomplete/quick calls in critical situations, especially during the breeding season when they are occupied with incubation  
and/or chick rearing.

6.	 During the song learning process, juveniles produce unusual calls, making the recognition more complicated (Williams 2004) and 
sometimes, even human experts fail to recognise the species from hearing a juvenile.
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is sampled at equally spaced intervals. The ‘Nyquist sam-
pling theorem’ stipulates the minimum sampling frequency 
required to represent a continuous time signal with a discrete 
time series (a signal can be recovered from its samples if the 
sampling frequency is at least twice the highest frequency of 
the original signal; Landau 1967). The dynamic range used 
to record the samples is determined by the resolution (the 
number of bits per sample): larger resolutions provide larger 
dynamic ranges, but occupy more memory space. Sound files 
accumulate rapidly when large numbers of automatic record-
ers are operated continuously, meaning that using an effective 
method for storing and retrieving sound inventory is crucial 

in long-term acoustic monitoring. The building blocks that 
are required for software to reliably recognise calls in a record-
ing are: preprocessing of the recording to remove noise; seg-
mentation of individual calls; extraction of chosen features 
from the representation of each call; the training of classi-
fiers, generally based on a set of human-labelled training data 
(Fig. 2).

In order to develop a robust recogniser, it is generally 
essential to have a rich database that includes clear represen-
tations of the possible variations in vocalisations of each spe-
cies. A well-balanced set of recordings that represents possible 
variations that can be expected in scheduled autonomous 

Figure 1. Flowchart representation of the current most suitable approaches to analyse continuous automated recordings and recognise spe-
cies. For many applications further analysis will be required. The thinking face is used to indicate that further development of methods is 
necessary.
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recordings of the target species – not only the regional varia-
tions, but also examples from good quality close-range calls 
through to faint birdsong – could increase the ability of 
the recogniser to address real-world conservation problems. 
Unfortunately, while it is easy to obtain unlabelled record-
ings, it is time-consuming to provide good quality training 
data for even a small number of species, and we do not know 
of any large-scale datasets that provide these to the levels 
needed for conservation tasks. The size of the training data 
required mainly depends on the target species, with less data 
required for species with small repertoires and simpler vocali-
sations. Obtaining this data is a challenging task that requires 
expertise in handling recorders, and cooperative animals 
(many birds tend to avoid humans). For rare/nocturnal birds 
this data can be exceedingly hard to obtain. While data from 
autonomous recorders can be used to compile a dataset, it 
requires prior screening of the recordings. This data then has 
to be manually labelled to provide a training set that can be 
used to train the classifiers, and an independent test set that 
can be used to evaluate the success of the trained methods. 
The labels and annotations need to be generated manually 
by experts by careful listening to the recordings and/or visual 
inspection of the spectrograms, a time-consuming but cru-
cial task (currently the main way to process recordings). Only 
after the recogniser is trained and evaluated on known field 
recordings, it is ready to process unknown recordings.

In order to validate the algorithms that are used and com-
pare different methods it is necessary to have performance 
metrics that can be applied to both the call detection and 
the call recognition. We will briefly summarise a variety of 
different metrics that have been used in the literature before 
starting to describe the various approaches to detection and 
recognition.

Performance measures

There are four possible outcomes when a classifier system 
makes an prediction for a binary output (such as whether or 
not there is a birdcall in a given segment of recording): a true 
positive (TP) is when the detector correctly says that there 
is a birdcall, a true negative (TN) is when it correctly says 
that there is not, while false positives (FP) and false negatives 
(FN) are where the detector incorrectly suggests that there are 
and are not (respectively) birdcalls. The number of examples 
of each of the four cases will add up to the number of seg-
ments considered. Note that this assumes that the segmenta-
tion algorithm took in short time segments and processed 
each individually. Instead, an identifier may recognise the 
beginning and end of a bird call.In this case, the same four 
outcomes can be considered (TP, TN, FP, FN), but the out-
come will be the duration rather than the number of calls.

The outcomes can be combined into a few different useful 
measures: 
Recall(also known as sensitivity or the true positive rate))

=
+

 
TP

TP FN

Precision
TP

TP FP
=

+

Specificity
TN

TN FP
=

+
 

Accuracy
TP TN

TP FN TN FP
= +

+ + +
 �

F
Recall Precision

Recall Precisionβ

β
β

=
+( ) × ×

+ ×
1 2

2
, where β is a weighting 

factor (often β = 1 or 2)
For example, the strength of a call detection algorithm is 

commonly determined by its recall rate and precision. The 
recall rate explains how well the segmentation algorithm 
detects songs, or the percentage of songs retrieved from the 
total number of songs in the recording. Precision refers to 
how reliable the detection algorithm is (the percentage of true 
positives from the positively classified songs). Maintaining a 
high recall rate while achieving high precision is challenging: 
recall and precision are often inversely related to each other; 
therefore, it is possible to gain recall at the cost of losing 
precision and vice versa. Specificity measures how good a 
given model is at avoiding false alarms, while accuracy refers 
to the proportion of the total number of predictions that were 
correct. The weighted average of recall and precision (Fβ) is 
useful to interpret the combination of recall and precision. 
For example, while F1 (harmonic mean) weights recall and 
precision equally, F2 emphasises recall over precision.

One way to present some of these measures is to use 
the Receiver Operating Characteristic (ROC) curve, which 

Figure 2. Representation of the full work process required for the 
use of acoustic recorders in wildlife management, including the 
development of protocols for the deployment of recorders.
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plots the True Positive Rate (TPR = recall) against the False 
Positive Rate (FPR = 1-specificity) as they change when some 
parameter(s) of the method are varied. For example, an ROC 
curve could be generated as a threshold at which sounds are 
considered as signal rather than noise is adjusted (normally 
with the effect of increasing TP at the cost of an increased 
FP or vice versa) producing different (TPR, FPR) pairs to 
be plotted. The Area Under the (ROC) Curve (AUC) is also 
used as a measure of accuracy (for further information, see 
Marsland (2014)).

The same measures can be used to evaluate classification 
algorithms, except that there are usually more than two spe-
cies of bird to be identified. The definition of a false posi-
tive is then modified to be an incorrect choice of class. For 
multi-species classification, Mean Average Precision (MAP) 
is another useful measure. While the majority of researchers 
have used the aforementioned metrics some have used dif-
ferent measures and there is no consistency. It is not always 
clear from papers precisely what measures were used, hence 
Table 1–3 report the performance of each method only to 
the best of our knowledge and understanding of the relevant 
materials provided.

Noise reduction

Field recordings capture all the sounds that are present in the 
geographical area where the recorder is mounted, including 
birdsong of interest and many other biophony (sounds from 
other animals), geophony (wind, rain etc.) and anthropo-
phony (man-made sound, such as aeroplanes, and wind tur-
bines). Relatively low frequency sound from abiotic sources 
such as wind, aeroplanes, running water, and vehicles passing 
are common, and can either mask species with low frequency 
songs or generate false positives (Potamitis 2014). Low recog-
nition accuracy is often attributed to noise (Baker and Logue 
2003, Fox et  al. 2006, Aide et  al. 2013), which affects the 
whole process unless removed initially. Therefore, remov-
ing the noise is an important first step in finding the target 
sounds in a recording.

Noise tends to hide or alter the birdsong: it is super-
imposed onto the recording, degrading the signal quality 
and making the sound of the call fainter, leading to poor 
results by recognisers. Some researchers have found that 
developing the training data set with clean references (less 
corrupted with noise) is helpful to avoid false positives 
(identification of any sound except the target bird sounds; 
Wildlife Acoustics (2011) and Boucher (2014)). Usually, 
song examples from the same environment where the test 
recordings will be collected are preferred (Katz et al. 2016), 
as it is hoped that these will have similar noise profiles and 
less variations in calls. While recording clean close-range 
calls is possible with handheld (manual) recorders (because 
the recordist can get close to the individual birds and avoid 
noise by careful screening (Ruse  et  al. 2016)), it is often 
more successful if the training data is based on the same 
type of recorder as will be used in practice. The reason 
for this is partly because microphones used for manual Ta
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recording are usually directional, and thus more sensitive 
to the sound in one particular direction, which is ideal 
when recording individual animals; in contrast, automated 
recorders use omni-directional microphones because they 
aim to record birds from anywhere around the recorder 
(Brandes 2008). Several authors have stated that the over-
lap of unwanted sounds with the song of their target species 
was the biggest obstacle in their automated processing of 
natural field recordings (Wolf (2009) and Potamitis  et  al. 
(2014)). Schrama et al. (2007) claimed that the overall rec-
ognition accuracy in automated recognition can only be 
achieved through an advanced denoising approach. Despite 
this, there has been relatively little research on it.

The most common approach for denoising found in the 
literature was to follow standard signal processing tech-
niques and perform noise profiling, followed by filtering. 
However, noise profiling and noise filtering have their own 
limitations (Table 1). There are situations where high-pass, 
low-pass, or band-pass filters cannot be applied successfully. 
For example, if a particular species produces only low fre-
quency songs, then a low-pass filter with a suitable cut-off 
frequency removes frequency components beyond the birds’ 
frequency range. However, if there are multiple bird species 
or a species that produce vocalisations that occupy in differ-
ent frequency ranges, applying a filter without eliminating 
some bird vocalisations is impossible. The Wiener filter, an 
approach that is useful in signal enhancement to remove 
linear distortions (Vaseghi 2008), is not useful for birdsong 
because it assumes that the signal and noise are stationary 
and that spectral information is available. While this can 
be partially overcome by using the spectrogram window 
method to split the signal into a series of small timeframes 
and compute the filter coefficients in each frame, this adap-
tive Wiener filter (Chen  et  al. 2006) suffers from signal 
distortion. So while it has been used for noise reduction 
in speech signals, it is not useful for birdsong recordings 
without a priori knowledge of the characteristics of the sig-
nal and noise, and this knowledge is rarely available with 
field recordings.

In recent work Priyadarshani  et  al. (2016) and 
Priyadarshani (2017) have shown that wavelets can be effec-
tively used to remove noise from field recordings collected 
with automatic sound recorders. In a field recording, while 
the birdsong is transient, a considerable amount of back-
ground noise, particularly the geophony, is nearly stationary. 
Wavelet denoising eliminates this quasi-stationary noise no 
matter whether it is wideband or narrowband, providing that 
it is approximately Gaussian.

An alternative to audio analysis is treating the spectrograms 
as images and applying image analysis methods to clean them 
from noise (Potamitis 2014). While this method is useful 
to detect regions of interest (as will be discussed later), it is 
only approximately reversible, Griffin and Lim (1984). This 
means that it is of limited utility for recognition in general, as 
it is common to extract features from the sound file, as well 
as the spectrogram to achieve recognition.

The result of successful noise reduction is a cleaner record-
ing (although possibly with some artefacts) that is ready to be 
used as input into segmentation and recognition algorithms.

Call detection and segmentation

In general, automatic recorders turn on and off at set times, 
and record everything between those times. In order to rec-
ognise the birdsong in the recording, potential sections that 
could contain calls need to be isolated first. This can also be 
useful to enable human analysts to concentrate only on what 
is important in a long recording. This is even more relevant 
when the recordings contain very little birdsong, but lots of 
noise: useful data is then a very small proportion of the total 
recording (Andreassen et al. 2014). Selin et al. (2007) con-
cluded that call detection and segmentation is the most com-
plicated and difficult part of the whole automation process; 
they also highlighted the need for noise reduction.

Following call detection, it may also be desirable to divide 
a song or a series of calls into syllables, and this is not straight-
forward (Tchernichovski  et  al. 2000), especially when the 
syllables are not followed by a silent interval and not sepa-
rated clearly. Merging the syllables that are very close to each 
other is the common practice in syllable detection (Fagerlund 
2004). Further, isolation of acoustic units also poses a great 
challenge due to background noise. Therefore, the majority 
of the published work has largely avoided automatic seg-
mentation and instead used manually segmented data to test 
their recognition methods (Anderson  et  al. 1996, Franzen 
and Gu 2003, Chen and Maher 2006, Somervuo et al. 2006, 
Fox et al. 2008). Even when automatic segmentation is used, 
it is still followed by manual elimination of noisy segments 
(Selin et al. 2007, Rocha et al. 2015).

Both the waveform and the spectrogram can be used to 
isolate bird vocalisations (Table 2), based on the assumption 
that the sections where the birds sing carry more energy than 
the other parts of the recording (Härmä and Somervuo 2004, 
Somervuo  et  al. 2006, Juang and Chen 2007, Jinnai  et  al. 
2012, Towsey et al. 2012, Murcia and Paniagua 2013). This 
assumption is valid for recordings that are not corrupted by 
too much noise, but this is not always the case for automatic 
recordings. Noise causes the bird sounds to be quieter and 
faded (Briggs et al. 2012), adding to issues with bird prox-
imity to the recorder. Common energy-based song detection 
coupled with thresholding fails to detect faint songs, but also 
detect periods of noise that exceed the chosen threshold.

The most common frequency-based method found was 
to treat the spectrogram as an image and use median clip-
ping, whereby points are identified as birdsong if they are 
more than some pre-defined multiple of the median of the 
relevant column and row of the spectrogram (Lasseck 2013, 
2014, Potamitis 2014). Image processing techniques such as 
basic shape morphology methods were used to improve this 
process (Potamitis 2014). This method works well for calls 
that are clear, but does not detect calls that are quieter, nor 
work as well when the noise levels are high. It can, however, 
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be used to detect the top and bottom frequencies of the call 
as well, which can be useful for further processing, although 
these will vary with distance as the harmonics of the signal 
are attenuated at different rates. Notwithstanding these prob-
lems, this form of segmentation has been used as a prepro-
cessing stage successfully: Potamitis (2014) trained a random 
forest classifier with the features extracted from median clip-
ping to recognise 78 bird species. He reached 91% AUC on 
the test dataset. The dataset, however, included only short 
recordings (0.25–5.75 s) and therefore the applicability of 
the method over long recordings has not yet been evaluated 
(Table 2).

Morphological opening (erosion and dilation) was 
employed by de Oliveira  et  al. (2015) to detect acoustic 
activity in 14 min long field recordings of southern lap-
wings Vanellus chilensis followed by a species-specific Hidden 
Markov Model (HMM) based recogniser that required large 
amount of training data (> 27 h) to ultimately result in 56% 
recall despite the fact that very faint calls were excluded dur-
ing the annotation (Table 2).

Very few studies (Bardeli  et  al. 2010, Frommolt and 
Tauchert 2014, de Oliveira et al. 2015, Jančovič and Köküer 
2015) have evaluated detection methods on natural unat-
tended field recordings (Table 2). Jančovič and Köküer 
(2015) applied a sinusoidal detection method assuming that 
the number of species in a given recording was known. The 
recall decreased significantly (from 80 to 71%) when the 
number of species increased from two to three. Bardeli et al. 
(2010) proposed two algorithms that were specifically tailored 
to two bird species. The methods were based on the temporal 
patterns in the frequency bands of the target species and noise 
estimation from each band followed by spectral subtraction 
to avoid noise, and by evaluating the methods on a large set 
of automated recordings (26 h). They reported 94% recall 
and 66% accuracy on the Eurasian bittern Botaurus stellaris 
and 92% overall detection rate on Savi’s warbler Locustella 
luscinioides. The problem with these species-specific meth-
ods is that they need to be completely redesigned in order 
to detect other bird species. Frommolt and Tauchert (2014) 
used template matching in ‘Avisoft-SASLab Pro’ (Specht 
1993) to detect Eurasian bitterns in controlled field record-
ings (data collected under calm conditions) and reported 
85% recall with no false positives (Table 2).

Feature choice and extraction

Turning the denoised and segmented birdcall into something 
suitable for input into a classification algorithm requires that 
features of importance are extracted from the call. Possible 
features can be as simple as the sequence of amplitudes pres-
ent in the call (or the raw spectrogram values), but gener-
ally more success is found with more descriptive features; the 
overall recognition performance of any pattern recognition 
task depends heavily on the suitability of the features consid-
ered. Regardless of what sounds are being studied, audio fea-
ture extraction is a common topic in audio signal processing. 

There are therefore a large number of toolboxes readily avail-
able to easily extract widely used features, particularly for 
speech and music. Moffat  et  al. (2015) provide an evalua-
tion of the major feature extraction tools. The result is a huge 
number of features considered in the literature, often based 
on those considered in other areas. Despite all of this research 
there is as yet no clear evidence for and against different repre-
sentations for birdsong with many different approaches being 
used (Table 3). In general, if it is unclear which features will 
be helpful, the tendency is to add more in. Unfortunately, 
the more features that are included, the more training data is 
required for learning, something that is known as the curse of 
dimensionality (Marsland 2014).

There are several ways to categorise the features that are 
derived from sounds. In general, only local information 
(based on individual short time windows) is useful for bird-
song, particularly since the calls are segmented from the 
recording. Features can be based on the amplitude plot (such 
as the bandwidth, number of zero crossings), the energy of 
the signal within the window, or on the short-time Fourier 
transform data (such as its statistical moments, fundamental 
frequency, or spectral variations). Many of these features are 
related to one another despite being based on different repre-
sentations. For example, pitch and loudness of a bird call are 
related to the frequency and energy (cumulative amplitude 
effect over time) respectively. One set of interesting features 
use the short-time Fourier transformed data and process it to 
more closely match how humans process sound. These so-
called perceptual features can be based on either a monotonic 
transformation of the range, such as the Bark scale or the Mel 
scale. One set of features that are particularly common in the 
literature are Linear Predictive Coding (LPC) and its exten-
sion, the Linear Prediction Cepstrum Coefficients (LPCC), 
that were initially used for encoding human speech (Zbancioc 
and Costin 2003), but also seem to be useful to represent 
birdsong (Table 3). Mel Frequency Cepstral Coefficients 
(MFCC) provide a relatively low-dimensional representation 
via the Mel scale filter bank (Graciarena et al. 2010), which 
consists of linearly (below 1 kHz) and logarithmically (above 
1 kHz) spaced Mel scale filters.

MFCC has been useful for human speech recogni-
tion (Makhoul and Schwartz 1995, Muda  et  al. 2010, 
Priyadarshani et al. 2012), and extended to animal vocalisa-
tions (Kogan and Margoliash 1998, Clemins and Johnson 
2003, Fox  et  al. 2006, Lee  et  al. 2006, Briggs  et  al. 2009, 
Stattner et al. 2013). Mostly, MFCC are used with their first 
and second order derivatives in order to capture dynamic fea-
tures of the vocal tract. While LPCC is a low cost approach, 
MFCC has proven to be more accurate for classifying animal 
sounds (Lévy  et  al. 2003). However, there are contrasting 
views regarding the sensitivity of MFCC to noise: Singh et al. 
(2012) reported that MFCC are less susceptible to additive 
noise, while Wu and Cao (2005) found the opposite. Given 
this plethora of possible features and the fact that using more 
features requires more training data, and can lead to less accu-
rate results, it is necessary to find subsets of the features that 
are most useful. Accordingly, the goal of feature selection is 
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to identify redundant or unnecessary features that can be 
removed in order to reduce the input dimensionality while 
retaining most of the information, thus enabling more accu-
rate classification. Principal component analysis (PCA) is a 
useful tool in this regard, and can effectively reduce the data 
dimensionality. For example, Somervuo and Härmä (2003) 
significantly reduced the dimension of their birdsong fea-
ture vectors from 1000 to 7, with 99% of the variance being 
explained by those seven components. Another approach, 
based on data mining of the spectral features was used by 
Vilches et al. (2006, 2007). An alternative approach is to per-
form a pre-classification by identifying windows that are sim-
ilar, so that fewer of them are used. Vector quantization (VQ) 
can be used for this by clustering together similar windows.

As bird calls are temporal, there are two further process-
ing challenges that have to be dealt with for feature selection: 
window size selection and temporal alignment. The first of 
these requirements is needed because many of the features 
that have been found useful for birdsong recognition are 
based on short time windows, and establishing a suitable 
window size is important, in both time and frequency range. 
For field recordings, where there can be birds with a wide 
range of different pitches and lengths of calls, both of these 
choices can be tricky: longer time windows have lower time 
resolution but higher frequency resolution, and vice versa. 
Graciarena et al. (2010) investigated the generalising capac-
ity of MFCC over 92 different bird species in conjunction 
with a Gaussian mixture model (GMM) and found that the 
optimum frame length is species specific. However, they 
also found that frequency range optimisation is possible 
even though the species do not share the same frequency 
band (100–13 000 Hz was selected experimentally). In their 
experiment, the best number of filters in the Mel filter bank 
was 41, which is high compared to human speech (generally 
13 filters). Chu and Alwan (2012) proposed an algorithm to 
optimise the filter bank parameters by using an Expectation 
Maximisation (EM) algorithm. Using a 42 min recording as 
test data, with an 85 min recording as training data, Chu 
and Alwan (2012) improved the identification error rate 
from 8.7 to 6.2% on the calls of five antbird species (family 
Thamnophilidae).

The second challenge is to align the calls within the win-
dow, a process known as temporal alignment. The most com-
mon method for performing temporal alignment is Dynamic 
Time Warping (DTW), initially proposed by Vintsyuk (1971) 
for automatic word recognition. It has been successfully used 
by many researchers to match birdsong (Anderson  et  al. 
1996, Kogan and Margoliash 1998, Somervuo et al. 2006). 
DTW successfully copes with the different birdsong speeds 
and lengths by stretching and squashing sections of birdsong 
so as to find the best matching alignment (Coleman 2005).

While Fourier analysis is the foundation of most of the 
previously mentioned frequency-based features, the short-
time Fourier transform suffers from a lack of time-frequency 
resolution. In this regard, wavelet analysis can serve as a suc-
cessful alternative (Priyadarshani  et  al. 2016). In both the 

Fourier transform and the wavelet transform, a given signal is 
converted into frequency domain, but the difference is in the 
basis functions: the Fourier transform is based on sinusoids, 
while wavelets are based on self-similar basis functions called 
mother wavelets. In contrast to sinusoids, wavelet functions 
are localised in space and are scale-invariant. Therefore, the 
trade-off in time-frequency resolution can be avoided by 
using large windows for low frequencies and small windows 
for high frequencies simultaneously. Bastas  et  al. (2012) 
observed that Discrete Wavelet Transformation (DWT)-
based features outperformed MFCC. Despite the opportu-
nities that wavelets provide, relatively few publications have 
so far used them for birdsong analysis (Turunen et al. 2006, 
Selin et al. 2007, Chou and Liu 2009, Zhang and Li 2015).

Recognition and classification

Reproducing human-level processing of sight and sound is 
one of the holy grails of machine learning. However, despite 
recent advances, we are still a long way from this. Machine 
learning methods generally take vectors of equal length and 
compute representations of them in order to cluster similar 
inputs together. The features that comprise the vector are typ-
ically based on some subset of the methods described in the 
previous section. The challenge is to find a representation of 
the feature vectors that makes the examples of one particular 
type of call from one species, in all their variation, similar to 
each other, but dissimilar to other calls, and all calls of any 
other species.

Once a feature representation has been chosen, feature 
vectors extracted from the sound file can be fed into a stan-
dard machine learning algorithm, which will cluster those 
that are similar, either in an unsupervised fashion (i.e. with-
out human labels for the calls) or using supervised learning 
(labels provided by human experts beforehand). Alternatively, 
exemplars of each call can be treated as templates of a particu-
lar type of call, and the distances between vectors represent-
ing each call and a new call can be computed, with the closest 
exemplar being declared a match to the new call.

There are a plethora of machine learning algorithms, and 
we will only mention those that have been used in the litera-
ture for birdsong recognition (Table 3). However, we will first 
summarise some possible distance metrics between vectors, as 
this will be important for comparing some of the methods.

One approach is to treat the vector as describing a posi-
tion in a high dimensional space, for example a feature vec-
tor with 16 elements means that is a 16 dimensional space; 
often the feature vectors are rather longer than that. In this 
case, the common distance metrics between points can be 
used; the Euclidean distance, which is a particular example 
of a Minkowski distance (Marsland 2014), is one exam-
ple of this type of metric. However, for high dimensional 
data these methods do not deal well with noise. The alter-
native is to treat the feature vectors as samples from some 
unknown probability distribution and seek a match there, for 
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example by using the Kullback–Liebler (KL) divergence: in 
general, KL A B KL B A( | ( || )| ) ≠ .

Alternatively, distance measures can be derived for 
particular applications, and one that is used for birdsong 
recognition is the geometric distance (Jinnai et al. 2012), 
which is the basis for SoundID (see the section Current 
birdsong recognition related software). This metric aims to 
be robust to noise by comparing the vectors with a Gaussian 
distribution and measuring the kurtosis. A more explicit 
use of the Gaussian distribution is the statistical learning 
method known as a Gaussian mixture model (GMM). It 
is assumed that observations (such as recorded birdsong) 
come from a weighted combination of inputs that can be 
described by Gaussian random variables. As some of the 
input can be noise in addition to types of bird call, this 
method can deal well, at least in theory, with multiple 
noise sources. One challenge is to know how many sources 
there are, and training them appropriately. As with the fea-
ture selection part of birdsong recognition, many machine 
learning-based approaches have taken their lead from auto-
mated speech recognition, even though the two contexts 
have as many differences as commonalities (Doupe and 
Kuhl 1999, Skowronski and Harris 2006, Somervuo et al. 
2006, Zhang and Li 2015). In particular, the sounds that 
birds make are far more variable than those of humans, 
and the environmental conditions of the recordings are 
very different.

A variety of different types of neural network (NN) have 
been used for birdsong recognition, see for example Cai et al. 
(2007), Lopes et al. (2011a), Sprengel et al. (2016). However, 
there are two particular problems with this method: it acts 
as a black box and usually scales badly, so that its ability to 
discriminate between species degrades as a larger variety of 
calls or species is introduced (Cai et al. 2007). Hence, while 
neural network methods work fairly well for limited number 
of species, this falls off as the number of species increases; for 
example, Lopes  et  al. (2011a) started to classify 73 species 
using NN, but concluded that the performance varied con-
siderably between the species and suggested that the maxi-
mum number of species that could be used within the F1 
margin of 80% is 12.

Neural networks that perform unsupervised learning, 
meaning that they cluster similar calls together rather than 
using human labels to recognise calls from the same species, 
are also commonly used, particularly the Self-Organising 
Map (SOM). Although Stowell and Plumbley (2014) suggest 
that unsupervised learning is key to successful recognition, 
Selin et al. (2007) observed higher recognition accuracy with 
a supervised method (the Multi-Layer Perceptron (MLP)), 
obtaining 96% test accuracy against 78% using SOM when 
recognising eight bird species.

The Support Vector Machine, another machine learning 
approach that maps data into a higher dimensional space 
where it can be linearly separated, has been used in many of 
the studies (Table 3). While it often produces very impressive 
results, as the amount of data increases, so the computational 

costs increase, and this makes it unsuitable for processing 
large numbers of calls.

There has also been interest in using decision trees, where 
at each node of the tree a split is performed using just one 
of the features from the input vector, and a sequence of 
these splits enables a decision as to species to be made at 
the leaves of the tree. A collection of decision trees that are 
created using random partitions of the data and that inde-
pendently produce outputs that are combined by majority 
voting is known as a random forest. They are relatively easy 
to train and use, and have shown positive results for birdsong 
recognition at species level on continuous field recordings 
(Digby et al. 2013), and also in a number of bird species on 
segmented recordings (Fodor 2013, Potamitis 2014, Stowell 
and Plumbley 2014, Lasseck 2015). All of the methods that 
we have considered above use some form of feature vector 
constructed from a time window of the bird call. However, 
many birdsongs consist of a sequence of syllables. In order 
to recognise this, another method that is commonly used in 
speech recognition has been applied: the Hidden Markov 
Model (HMM), which creates a time-dependent probability 
distribution showing how likely certain syllables are to follow 
from others (Kogan and Margoliash 1998, Kwan et al. 2004, 
Trifa 2006, Jančovič and Köküer 2015).

The last method that we survey here is of particular inter-
est as it can be part of the feature creation (Lasseck 2015) or 
a recognition method in its own right. Spectrogram cross-
correlation takes a segment of the spectrogram and computes 
the cross-correlation with a set of template calls. It is simple, 
yet proven to be successful when scanning a specific species 
with limited call variations (Frommolt and Tauchert 2014, 
Ulloa  et  al. 2016). For example, spectrogram cross-correla-
tion was used to survey screaming piha Lipaugus vociferans 
from autonomous field recordings by Ulloa et al. (2016).

Classification methods have strengths and limitations 
(Table 3). However, before any of them can be used for 
automated processing of field recordings there are three 
main issues that need to be considered: noise, scalability, 
and the addition of new bird calls. In essence, most of the 
methods are trained and tested on relatively low numbers of 
high quality recordings, whereas field recordings are inher-
ently noisy, and can contain bird calls from many different 
birds. The theory seems to be that by using high quality data 
for training, the algorithms will deal well with noise in true 
recordings, although this is not tested, and does not seem 
particularly likely. Even when noise is included in the investi-
gation, it is sometimes added to clean recordings (Chen and 
Maher 2006, Ren  et  al. 2008, Jančovič and Köküer 2011, 
Zhang and Li 2015), and thus unlikely to be typical of real 
environmental noise. While denoising methods can help by 
improving the quality of the calls, this needs to be used for 
the training data as well as the test data to ensure that the 
methods deal well with any artefacts that the denoising intro-
duces. In an interesting approach, Papadopoulos et al. (2015) 
attempted to overcome the non-bird sounds associated with 
bird recordings by developing individual models for each 
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target species (in their case, 15 species) using novelty detec-
tion, so that the model discriminates the target species from 
noise. Using audio with a signal-to-noise ratio (SNR) of –3–3 
dB (short length/manual), high variability in AUC (0.56 to 
0.90) between the species was observed.

It is relatively difficult to overcome the worsening of dis-
crimination with increasing number of species or song types. 
However, it is possible to improve the quality of recognition 
markedly by including information about where a call was 
recorded, since this can reduce the number of possible species 
that a call could come from, given the limited environmental 
niches of many birds.

In addition, most machine learning methods are trained 
off-line, based on the complete dataset, before any recogni-
tion occurs. This means that if the user wishes to add new 
calls or species, or even just further examples of calls that 
are already in the dataset, a new model has to be trained 
from scratch, potentially a very computationally expensive 
operation.

Current birdsong recognition related software

The previous sections have considered the underlying 
methods that have been applied to automated birdsong rec-
ognition. In this section we turn to the software that is avail-
able at the current time, and summarise their strengths and 
weaknesses. A comparison of the various algorithms is given 
in Table 4, while the text describes the approach taken and 
references that have used that software.

SoundID is a commercial sound recognition system that is 
dedicated to bio-acoustic applications such as animal surveys. 
The main building blocks are LPC for call pattern represen-
tation and the geometric distance (which was developed for 
the software) to perform the recognition (Jinnai et al. 2012). 
Recordings are segmented using an energy threshold, and the 
LPC spectral image computed for each extracted segment. 
Then the LPC pattern (image) is compared with the stored 
reference patterns using the geometric distance.

The SoundID group reported more than 95% accuracy 
in analysing the dawn chorus (Jinnai et al. 2012) and they 
particularly highlight the efficacy of the software for pro-
cessing large datasets. However, they are clearly expert users, 
and in our experience it is hard to achieve a reasonable recall 
rate (Table 4) and optimisation of the parameters is time-
consuming and difficult.

Raven Pro is developed by the Cornell Lab of Ornithology 
for acquisition, visualisation, measurement, and analysis of 
sounds (Charif et al. 2010) and is popular among ecologists as 
a spectrogram analysis tool (Bura et al. 2011, Crothers et al. 
2011, Kirschel  et  al. 2011, Vernaleo and Dooling 2011, 
Sandoval and Barrantes 2012, Aland and Hoskin 2013, 
Aleixandre et al. 2013, Arévalo and Araya-Salas 2013). The 
relevant tools provided are band-pass noise filtering and 
manual or semi-automatic syllable segmentation (Stowell 
and Plumbley 2011). A couple of syllable-level bird sound 

detection methods are included that are based on either esti-
mation of background noise or a user-defined SNR, and there 
are many other user-defined parameters such as duration, or 
low-pass smoothing (Charif et al. 2010, Duan et al. 2013). 
A few studies have attempted to apply these automatic detec-
tors to real world data. For example, Sebastián-González et al. 
(2015) used band-limited energy detector to detect call events 
of Hawai’i ‘amakihi Hemignathus virens from field recordings 
with 93% recall but only 16.8% of them were good selec-
tions (precise endpoints). Duan et al. (2013) configured the 
segmentation module separately for each of five species found 
in the dawn chorus (based on five hours of data). The overall 
accuracy is reported as 43%, far below expectation for such a 
limited number of species.

Song Scope, developed by Wildlife Acoustics, is also 
equipped with a call detector (Wildlife Acoustics 2011). 
The feature representation and classification algorithms are 
MFCC (Agranat 2009, Duan  et  al. 2011) and HMM (as 
Song Scope works on clustering multiple syllables). While 
the developers recommend the software for field biologists 
to analyse long field recordings made by autonomous record-
ing devices, the main drawback is that their approach is very 
sensitive to noise (Duan  et  al. 2013). Therefore, post hoc 
visual scanning was employed by Buxton et al. (2013) and 
Cragg et al. (2015) to filter out false positives generated by 
the Song Scope detectors tailored to detect different call types 
of nocturnal sea birds. Duan  et  al. (2013) optimised Song 
Scope’s detector for the same data set used for Raven Pro. 
Overall accuracy was reported as 37%, which is less than with 
Raven Pro (43%). Noisy training data decreased the accuracy 
of Song Scope more significantly than Raven Pro because the 
HMM treats noise segments as syllables and models them 
into call structures (Duan  et  al. 2013). Recently, Wildlife 
Acoustics introduced Kaleidoscope, an integrated suite of 
tools for bio-acoustic analysis advancing Song Scope. While 
the developers claim that the software can generate a set of 
reports analysing the sound files, the success is yet to be eval-
uated on third party data. 

Sound Analysis Pro 2011 is free open-source software 
for recording and analysis of animal vocalisation based 
on less complex features extracted from whole birdsong 
(Tchernichovski et al. 2000, Tchernichovski 2012). Although 
they have considered segmentation of songs into syllables and 
syllable clustering, they report that in this respect the software 
has limitations. The primary focus is not the analysis of field 
recordings: the developers recommend the software to be uti-
lised to train animals with playbacks while recording their 
vocalisation, e.g. throughout the vocal development of a bird, 
to see the tutor-pupil song relationship (Tchernichovski et al. 
2000). Daou et al. (2012) used the features generated from 
Sound Analysis Pro as the input to their software tool which 
analyses the syllable transitions within the songs of individual 
birds.

Avisoft-SASLab Pro (Specht 1993) is a commercial, gen-
eral purpose sound analysis software that was created by 
Avisoft Bioacoustics in 1990. The company also provides a 
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bioacoustics recording device and separate recording software. 
Frommolt and Tauchert (2014) successfully used the software 
to recognise Eurasian bitterns Botaurus stellaris, a species that 
generates very low frequency and relatively simple vocalisa-
tions. The software is useful to automatically measure sound 
parameters of the spectrogram and waveform. A long list of 
publications that used this software can be found under the 
reference list on their web site.

Arbimon is a web-based network for storing, sharing, and 
analysing acoustic data. Their cyber infrastructure includes a 
solar-powered remote monitoring station that sends 1-min 
recordings every 10 min to a base station, which relays 
the recordings in real-time to the project server, where the 
recordings are processed and uploaded to the project web-
site (Aide  et  al. 2013). Recordings to be analysed need be 
uploaded to Arbimon in order to see the results. However, 
they do not report the accuracy, and their online recognition 
facility is expensive and not feasible for the processing of long 
field recordings.

While we have discussed some of the software tools above, 
more are given in Table 4.

All the systems that we reviewed have strengths and weak-
nesses on their own. Overall, the software tools are far behind 
the practical requirements demonstrating that further devel-
opments are essential, particularly, to overcome the problems 
generated by unwanted sounds (noise) in field recordings and 
also to deal with faint bird sounds recorded due to the spatial 
distribution of birds in their natural habitats.

Conclusions

1) While there has been a significant amount of research into 
computer recognition of bird species based on their calls, this 
survey has demonstrated that it is not yet sufficient for practi-
cal use for data from unattended field recordings. Our review 
shows that more than two thirds of the work published to 
date has limited their scope to analyse less noisy and carefully 
selected recordings. Thus, even though the reported accura-
cies are impressive, this is because they are largely based on 
small datasets and relatively clean data.

2) It is important to consider what is wanted from a sys-
tem: for conservation purposes it is commonly desirable to 
have extremely accurate (high precision, high recall) recog-
nition of a small number of target species from a set that 
includes many other species, while for general recognition 
(such as for a smartphone app) it is sufficient to have reason-
ably accurate recognition of a large number of species. While 
there are some similarities between these cases (particularly 
that noise will be present and the bird will often call a long 
way from the microphone), they are importantly different in 
the accuracy requirements.

3) While it is obviously important that the methods be 
as accurate as possible, the importance of the recall rate for 
rare species is worth noting, since for these birds confusing 
their sound with another (more common) species can lead to 
over-estimate of their abundance, or miss the fact that they So
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exist at all in the area. Unfortunately, current call detection 
and segmentation methods generally show poor recall rates 
and high sensitivity to noise. Our own best efforts using 
SoundID to scan automatic recordings of morepork Ninox 
novaeseelandiae, the only extant native owl in New Zealand, 
achieved only 39% recall rate (with 92% precision) after a 
time-consuming trial and error process for software param-
eter optimisation (Brighten 2015). This finding highlights 
another point that is important: overall classification accu-
racy is not necessarily the most useful measure of utility for a 
birdsong recogniser; recall and precision provide more useful 
information.

4) Further research into methods to deal with the noise 
inherent in field recordings is clearly needed. Many poor 
results are attributed to high noise levels in at least one of the 
training and test sets, but conventional noise reduction meth-
ods fail to remove noise, particularly in the target frequency 
range, without losing information.

5) Our review has suggested that the methods that have 
been successful at screening field recordings are species-
specific. Although current species-specific methods cannot be 
quickly and easily modified to screen other species (mainly 
because the features are carefully selected for that species, 
Digby et al. (2013), we believe that for conservation purposes 
species-specific methods will generally be more successful.

6) It is important that benchmark datasets are available, 
so that different researchers can compare their methods on 
the same datasets, and using the same metrics. There are a 
number of high-quality comparison datasets readily available 
in the form of bird recognition challenges, such as BirdCLEF 
(< http://imageclef.org/lifeclef/2016/bird >), NIPS4B 
(Glotin et al. 2013), and the MLSP 2013 bird classification 
challenge (Briggs et al. 2013). However, all these datasets pro-
vide short recordings rather than the long automated record-
ings. In addition, they are focused on producing reasonable 
accuracy on multiple recordings of a large number of bird 
species. There is the need for shared datasets with annota-
tions of a wide variety of calls for a large number of species 
if methods that are suitable for conservation work are to be 
developed.

The RMBL-robin database (< www.seas.ucla.edu/spapl/
projects/Bird.html >), an American robin Turdus migrato-
rius database, manually recorded with SM1 recorders (but 
continuous recordings) is readily available with their annota-
tions (song level and syllable level) from UCLA (Chu and 
Blumstein 2011). For conservation purposes, it is more 
important to detect individual species extremely accurately, 
and the detectors can be specialised since the vast majority of 
the species included in these datasets will not be present in 
any given conservation area.

There are also datasets such as the Xeno-canto (< www.
xeno-canto.org/ >) collaborative database, the Cornell 
Lab of Ornithology’s archive of sample bird calls (< http://
macaulaylibrary.org/ >), and the Tierstimmenarchiv (< www.
tierstimmenarchiv.de >) at the Museum für Naturkunde in 
Berlin; indeed, Ranft (2004) estimated that more than 90% 

of world’s bird species had been represented in major sound 
archives by 2003. However, for the training of automated 
recognition systems it is necessary to have a large number 
of field-noise corrupted raw recordings with accompanying 
ground truth annotations.
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