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The identiﬁcation of individual animals based on acoustic
parameters is a noninvasive method of recognizing individuals with considerable advantages over physical
marking procedures which may be difﬁcult to apply, time
consuming, expensive or detrimental to the animal’s
welfare. To be an effective and practical method of individual recognition, an acoustic recognition technique
must extract features that show greater variation between
rather than within individuals and use a classiﬁer that can
successfully distinguish between the individuals and classify new recordings.
In addition, highly desirable features of an acoustic
recognition technique include the following.
(1) The features exhibit little variation over time. This is
necessary for studies requiring re-identiﬁcation over time,
with the required length that the features remain stable
ranging from days to years, depending on the type of study.
(2) The classiﬁer is able to determine when a feature set
does not belong to any of the known individuals. This is
important because animal populations are rarely closed,
with new individuals arriving from immigration and
births; hence a new recording may not belong to any of
the known individuals and the classiﬁer must be able to
determine this.
(3) The features enable recognition regardless of the call
type produced. This is important because recognition
techniques that can compare only a single call type within
and between individuals signiﬁcantly limit the range of
species and situations in which they can be used (N.B. The
vocalizations of different species, and different types of
vocalizations from the same species, often have speciﬁc
descriptors: song, howl, call, etc. For simplicity, the term
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call will be used in this paper to include all vocalization
types, except when a particular species is being described
in which case the correct term will be used).
Methods such as discriminant function analysis (DFA),
using frequency and temporal measures, and spectrographic cross-correlation have demonstrated that individually distinctive calls are present in a wide range of species
across many taxa and can be used to correctly identify
individuals (Sparling & Williams 1978; Smith et al. 1982;
McGregor et al. 2000; Osiejuk 2000). Individualistic calls
most likely exist in all vocal animals as a result of genetic,
developmental and environmental factors, although the
level of individuality and whether it can be easily measured
and classiﬁed will differ between species (Terry et al. 2005).
Some studies have shown that vocal features can remain
stable over days and even years (e.g. Lengagne 2001;
Walcott et al. 2006), although there have been few extensive studies in this area. In addition, classiﬁcation methods
that are based on a similarity score, e.g. cross-correlation or
adaptive kernel-based DFA, enable recognition of new individuals that have not been previously encountered (Terry
et al. 2005). However, all of the current methods of acoustic
recognition base the similarity of two vocalizations on
a comparison of call-type-speciﬁc features (e.g. the frequency or length of a particular note or syllable). Hence
comparisons both within and between individuals can
occur only when the same call types are present, i.e. calldependent recognition. Call-dependent recognition techniques therefore cannot be used or can be used only with
difﬁculty under the following common conditions.
(1) Individuals temporarily change their calls. Temporary changes to a call involve short-term changes, usually
in the frequency or temporal characteristics, of a particular
call type and are a direct result of speciﬁc circumstances.
Factors that have been shown to inﬂuence call characteristics include social context (Jones et al. 1993; Elowson &
Snowdon 1994; Mitani & Brandt 1994), body condition
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(Galeotti et al. 1997; Martin-Vivaldi et al. 1998; Poulin &
Lefebvre 2003), time of year (Gilbert et al. 1994), emotional state (Bayart et al. 1990) and temperature (Friedl &
Klump 2002). Temporary changes to calls probably occur
in most animals. When identifying individuals from their
calls, knowledge of the speciﬁc circumstances and how
they affect the calls is required so that the affected variables can be excluded from analysis. For example, water
temperature affects the temporal properties of European
treefrog, Hyla arborea, calls (Friedl & Klump 2002) and
hence temporal characteristics cannot be used to identify
individuals over time. If this information is not known it
may result in the variation present in the calls of an individual being greater between than within recordings, and
this will result in incorrect identiﬁcation.
(2) Individuals permanently change their calls. Permanent changes to a call usually involve the creation of new
notes, syllables or entire calls, although they can also
involve changes to the characteristics (e.g. frequency or
temporal properties) of a particular call type. Permanent
changes can be the result of a speciﬁc inﬂuencing factor or
they can be a natural progression. An example of an
inﬂuencing factor was found by Walcott et al. (2006) who
showed that male loons, Gavia immer, have a yodel call
that is stable from year to year but alters (in frequency
and temporal properties) when the bird moves territory.
A natural progression or continual change of call types is
most commonly found in the oscine birds that are openended song learners or mimics. These birds incorporate
new songs and calls into their repertoires throughout their
lives. For example, noisy scrub-birds, Atrichornis clamosus,
continually alter their song types over time, with signiﬁcant changes in as little as 1 month and a complete repertoire change in 6 months (Berryman 2003). Other
examples of species that change their repertoires over
time include yellow-rumped caciques, Cacicus cela (Trainer
1989), boblinks, Dolichonyx oryzivorus (Avery & Oring
1977), pied ﬂycatchers, Ficedula hypoleuca (Espmark &
Lampe 1993) and superb lyrebirds, Menura novaehollandiae
(Robinson & Curtis 1996). Permanent changes to call
types are also found in young animals that must change
from their immature begging calls to adult calls, often
through a period of learning and experimentation
(Kroodsma et al. 1982). Permanent changes to calls are
likely to occur over longer time periods than temporary
changes. The majority of studies examining acoustic identiﬁcation have used calls recorded over a short time
period, usually within a single breeding season (Otter
1996; Hill & Lill 1998; McCowan & Hooper 2002; Rogers
& Paton 2005). Markedly fewer studies have been carried
out on the stability of vocalizations between years
(Lengagne 2001; Gilbert et al. 2002; Puglisi & Adamo
2004).
(3) Individuals in a species have limited call sharing.
Animal populations can vary in the number of calls that
are shared between individuals, from complete sharing of
all call types to active avoidance of call sharing (Catchpole
& Slater 1995). The amount of call sharing also depends
on the distance over which individuals are studied. Neighbouring birds may have extensive call sharing, but there is
a decrease in sharing with an increase in spatial separation

in many species (e.g. Farabaugh et al. 1988; Rogers 2002).
Having limited call sharing between individuals creates
two problems. First, a separate classiﬁer must be created
for each call type that is shared between individuals.
This can lead to a large number of classiﬁers being required if each call type is shared between only a small
number of individuals. For example, of 38 song types
sung by six male rufous bristlebirds, Dasyornis broadbenti,
the most common song types were shared between only
four of the six individuals (Rogers & Paton 2005). To distinguish between all six birds it was therefore necessary
to carry out classiﬁcations on several song types, with
each classiﬁcation able to distinguish between only two
and four birds. This makes the method very time consuming because a classiﬁer has to be created for each call type.
In addition, each recording must be separated into its respective call types before analysis and classiﬁcation can
occur, which can be a particularly arduous task for species
with large repertoires. Second, it is necessary to know the
complete set of calls from each individual. Without
knowledge of the complete repertoire from each individual, a novel call may be incorrectly attributed to a new
bird in the population. Limited call sharing is found in
many oscine species, e.g. Kentucky warblers, Oporornis
formosus (Tsipoura & Morton 1988), rufous bristlebirds
(Rogers 2004), dark-eyed juncos, Junco hyemalis (Williams
& MacRoberts 1978) and song sparrows, Melospiza melodia
(Borror 1965).
(4) Individuals have extensive repertoires and/or use
repeat-mode calling. About 70% of songbirds produce
multiple song types (Beecher & Brenowitz 2005). These
repertoires range in size from less than ﬁve songs, e.g.
great tits, Parus major to over 1000, e.g. brown thrashers,
Toxostoma rufum (Beecher & Brenowitz 2005). When an
individual has a large repertoire, long recordings may be
needed before the particular song required to determine
identity is obtained. The recording length required can
be even longer if the species is a repeat-mode caller (Wiley
et al. 1994) in which only a single song type is repeated
within a bout of singing (e.g. rufous bristlebirds; Rogers
& Paton 2005). It may therefore be hours or days before
the required song type is produced and recorded, making
acoustic recognition based on the comparison of a particular call type a long, arduous and manually intensive
exercise.
It is clear that with only call-dependent recognition,
acoustic individual recognition is limited to species with
extensive call sharing and no change in an individual’s
repertoire over time. The most common animal taxa that
do not obey these requirements are the passerine, and
particularly the oscine, bird species. The inability of
current methods to work successfully with these species
is demonstrated by the fact that, although there are
roughly twice as many passerines as nonpasserines
(Pimm et al. 2006), a recent literature search found that
of 53 published studies on acoustic individual recognition in birds only 30% were carried out on passerine species. Other animals to which call-dependent recognition
is applicable only in a limited way include mammals
with complex calling systems such as cetaceans and
primates.
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Current methods of acoustic recognition are call dependent because they require the comparison of features
that are speciﬁc to a particular call type. To carry out
acoustic recognition regardless of call type, features that
are speciﬁc to the individual’s voice and remain stable
regardless of the particular call produced must be found.
It is well known that humans can easily recognize other
people from their voices and this has led to the development of speaker recognition technology. Initial
approaches at identifying people from their voice characteristics used long-term averaged features (Markel et al.
1977). Similar techniques were tested on great tits by
Weary et al. (1990) who used long-term-averaged temporal and frequency features across different song types,
resulting in a recognition accuracy of 69.9e80.4%.
Long-term averaging of features is an extreme condensation of the characteristics of the voice and discards a lot
of individual information (Reynolds 1995). Hence
speaker recognition technology currently uses shortterm features that are extracted from 10- to 30-ms
segments of the signal. These features are based on the
characteristics of the vocal tract shape and are therefore
speciﬁc to the individual, not to the particular words
spoken. These short-term features have been used with
great success, resulting in speaker recognition accuracies
of typically 80e100% (e.g. Farrell et al. 1994; Matsui &
Furui 1994; Reynolds & Rose 1995; Murthy et al.
1999). In recent years researchers have begun to apply
these same methods to the problem of animal individual
recognition. In the African elephant, Loxodonta africana,
82.5% individual recognition accuracy was achieved
(Clemins et al. 2005), while in the Norwegian ortolan
bunting, Emberiza hortulana, Trawicki et al. (2005) identiﬁed 80e95% of individuals correctly. These were both
call-dependent recognition tasks in which only a single
call type was compared. One of the major advantages
that speaker recognition techniques can bring to
individual recognition in animals is the ability for
recognition regardless of call type, i.e. call-independent
recognition.

Speaker Recognition Methods
I will brieﬂy discuss the methods of feature extraction
and classiﬁcation commonly used in speaker recognition
and then present the results of some preliminary tests
using these methods to demonstrate that they are a feasible method of call-independent individual recognition in
a passerine species. My major aim is to demonstrate a new
approach to individual recognition using acoustic cues
that overcomes most of the limitations of current approaches. I present one example to show that the methods
have real potential. Its application more broadly can be
evaluated only by rigorous application in a variety of
animals using acoustic signals.
Speaker recognition is a topic within the ﬁeld of
speech processing and refers to the ability to identify an
individual based on aspects of their voice (Farrell 2000).
When only a single set of text (i.e. words or sentences)
is used for both training and testing a classiﬁer recognition is termed text dependent. When the text varies between training and testing recognition is termed text
independent (Furui 1997). The ability to carry out textindependent recognition lies in the selection of acoustic
features that remain relatively stable regardless of the
sounds produced. In humans, voiced sound is produced
by the vibration of the vocal cords, which results in
a quasi-periodic ﬂow of air called the source sound (Masaki 2000). This source sound is characterized by its fundamental frequency and harmonic overtones, which are
determined by the subglottal pressure, and the tension
of the vocal cords. The source sound passes through
the vocal tract, consisting of the nasal and oral cavities
in association with the lips, tongue, jaw and teeth (Furui
2001), which alters the frequency content through
a modulation of the amplitude of the harmonics. The
modulation is a result of the resonances of the vocal
tract, which are a consequence of the size and shape of
the vocal tract. The resulting spectral shape, called formants (Fig. 1), can be measured from a signal and from
this the individual’s vocal tract shape can be estimated.
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Figure 1. Spectrogram of a speech segment.
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This idea of sound production is approximated by the
source-ﬁlter model of speech production (Fig. 2),
yðnÞ ¼ sðnÞ*hðnÞ;
where y(n) is the speech signal in the time domain and
s(n) is the source sound that is convolved with h(n), the
vocal tract ﬁlter. Although this model was developed for
human speech, it can be applied to any sound that is produced at a source and then modiﬁed by a ﬁlter. For example, mammalian and avian vocal production (Lieberman
1969; Nowicki & Marler 1988) and musical instruments
(Eronen 2001) can be modelled by the source-ﬁlter model.
For human speech, features of the sound that result from
the vocal tract resonances contain the most individually
speciﬁc information. It is therefore necessary to separate
the vocal tract and source sound information. These
features are convolved with each other in the spectral
domain and cannot be separated, but, through the use of
homomorphic analysis, the signal can be converted to the
cepstral domain where the source and vocal tract features
are no longer convolved and can be easily separated from
each other (Furui 2001; Quatieri 2002),
YðnÞ ¼ SðnÞ þ HðnÞ;
where Y(n), S(n) and H(n) are the signal, source sound and
vocal tract ﬁlter in the cepstral domain. The term cepstral
is derived from the word spectral because the cepstral domain is the inverse Fourier transform of the logarithmic
amplitude spectrum of a signal (Furui 2001).
In the cepstral domain the lower-order coefﬁcients
represent the spectral envelope (the vocal tract information) while the source information is represented in the
higher-order coefﬁcients. Therefore, typically only the ﬁrst
12e15 cepstral coefﬁcients are used (Gish & Schmidt
1994).
The most common features used for human speaker
identiﬁcation are the mel-frequency cepstral coefﬁcients
(Campbell 1997; Quatieri 2002) developed by Davis &
Mermelstein (1980). These cepstral coefﬁcients are calculated using a ﬁlterbank based on the mel-scale of frequencies. The mel-scale approximates the human perception
of frequency, which follows a logarithmic rather than
linear scale above 1 kHz (Mammone et al. 1996). The
mel-frequency cepstral coefﬁcients (MFCCs) are popular
because they tend to be uncorrelated, are computationally
efﬁcient, incorporate human perceptual information and
have some resilience to noise (Quatieri 2002; Clemins
2005), all of which result in higher recognition accuracies.
Recently there has been interest in using perceptual linear
prediction (PLP) coefﬁcients, particularly for nonhuman
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Figure 2. Source-filter model of speech production.

species, because PLP analysis can incorporate information
about the auditory ability of the species under study
(Clemins & Johnson 2006). The PLP model was developed
by Hermansky (1990) and stresses perceptual accuracy
over computational efﬁciency. The generalized PLP developed by Clemins & Johnson (2006) enables human
perceptual information to be replaced with speciesspeciﬁc information which may lead to improved recognition accuracy in nonhuman species.
Once individually speciﬁc features have been extracted,
a classiﬁer that can be trained to distinguish between the
feature sets and then can test a new feature set by
comparing it with the stored reference templates for each
individual to make a decision about identity is required
(Farrell 2000; Furui 2001; Ramachandran et al. 2002).
Some common classiﬁers used for speaker recognition include dynamic time warping, hidden Markov models,
Gaussian mixture models and artiﬁcial neural networks
(Furui 1997; Ramachandran et al. 2002). The type of classiﬁer used depends on the required task. Some classiﬁers,
such as dynamic time warping and hidden Markov
models, include temporal information and therefore are
best suited to text-dependent recognition, while others,
such as Gaussian mixture models and artiﬁcial neural networks, have shown good results for text-independent tasks
(Ramachandran et al. 2002).
Below I demonstrate the potential for call-independent
individual recognition in willie wagtails, Rhipidura leucophrys, using mel-frequency cepstral coefﬁcients and an
artiﬁcial neural network.

Experimental Methods
The songs of 10 willie wagtails were recorded from
locations around Perth, Western Australia using a Sony
ECM672 directional microphone with a Marantz PMD670
solid-state recorder at a sampling frequency of 48 kHz.
Birds were recorded at night (2000 to 0400 hours) during
spring, at which time wagtails frequently sit in a single
location and sing for long periods. All recordings were initially analysed using Cool Edit Pro (Syntrillium Software
Corp). The silent (nonsong) parts of the recordings were
removed through the use of an amplitude ﬁlter and each
recording was high-pass ﬁltered at 700 Hz to remove lowfrequency background noise. Each recording was then split
into its respective song types through a visual inspection
of the spectrograms. One song type was used for training
the classiﬁer, and a different song type was used to test
the classiﬁer (Fig. 3). Training was carried out using 10 s
of recording, plus 10 s were used as a validation set to
enable early stopping which prevents the network from
overtraining and losing the ability to generalize. Ten, 1-s
tests were carried out for each individual on the trained
network using the second song type. For both the training
and the testing data, the 12th-order MFCCs were extracted
from 30-ms frames and fed to the classiﬁer. The classiﬁer
used was an artiﬁcial neural network, a multilayer perceptron (MLP), which was designed and implemented using
the neural network toolbox in Matlab (version 6.5.1; The
MathWorks, Inc.,). The network had one hidden layer
with 16 neurons.

COMMENTARY

Hz

Song type G

22000
20000
18000
16000
14000
12000
10000
8000
6000
4000
2000
hms
Hz

0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1 1.05 1.1 1.15 1.2 1.25 1.3

hms

Song type E

22000
20000
18000
16000
14000
12000
10000
8000
6000
4000
2000
hms

0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1 1.05 1.1 1.15 1.2 1.25 1.3

hms

Figure 3. Example of the different song types used for training and testing for a single wagtail.

Results and Discussion
Call-independent recognition in willie wagtails using
MFCCs and an MLP resulted in a recognition accuracy of
89%. The confusion matrix of the results is shown in Table 1,
Table 1. Confusion matrix of testing and training with different song
types (e.g. 2C ¼ bird 2, song type C)
Training
2C 3S 8E 9G 10E 17G 20A 21E 27E 30E
2A 10 0 0 0
3R
0 6 0 0
8G
0 0 10 0
9E
0 0 0 9
10F
0 0 0 0
Testing
17A 0 0 2 1
20C 0 0 0 0
21A 0 0 0 0
27G 0 0 0 0
30F
0 0 0 0

0
0
0
1
10
0
0
0
0
0

0
3
0
0
0
7
0
0
0
0

0
1
0
0
0
0
10
0
0
0

0
0
0
0
0
0
0
10
0
0

0
0
0
0
0
0
0
0
7
0

0
0
0
0
0
0
0
0
3
10

with the identity and song type of each bird trained running
horizontally and the identity and song type of each bird
tested running vertically. The results of the 10 tests carried
out for each bird are placed under the bird and song type
to which the MLP classiﬁed them. Call-independent recognition is typically more difﬁcult than call-dependent recognition, so the high result achieved in this call-independent
task, which is comparable to the result for call-dependent
recognition in the Norwegian ortolan bunting (Trawicki
et al. 2005), is particularly encouraging.
The fact that the cepstral coefﬁcients are extracting
features of the voice, rather than features speciﬁc to the
song type, was demonstrated in the tests in which a single
song type was used for both training and testing in
different individuals (for example song type A was used
for training in bird 20 and used for testing in bird 2). In 69
of the 70 tests in which the same song type was used for
training and testing in different individuals, the song type
was successfully classiﬁed to the correct individual, rather
than to the same song type.
This experiment used methods of feature extraction
and classiﬁcation taken directly from human speaker
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recognition tasks. It is likely that the results can be
improved by modifying the methods to better suit bird
song or by using methods speciﬁcally designed to
incorporate species-speciﬁc information (for example the
generalized PLP model of Clemins & Johnson 2006). In
addition, because the same methods give good results
for both human speech and bird song, it is likely that
these methods can be used across a wide range of species.
All identiﬁcation techniques contain limitations and
potential biases which must be taken into account before
choosing the correct method for each species or type of
study. As with any method of acoustic individual recognition, the study population is limited to those individuals that produce vocalizations, which may be affected by
factors such as sex, age or breeding status (Terry et al.
2005). Another potential limitation is that the extraction
of features through speaker recognition methods, such
as cepstral analysis, is based upon the source-ﬁlter model
of sound production. Not all animal sounds are produced
in this way, for example the clicks and noises produced by
some cetaceans (Cranford et al. 1996) or the sounds produced by insects (Alexander 1957). However, these sounds
are likely to contain individual characteristics and speaker
recognition methods may still provide useful information.
For example, cepstral analysis improved species identiﬁcation in crickets, katydids and cicadas (Ganchev et al.
2007). Individual recognition using speaker recognition
techniques has currently been studied in only a few species, although the successful application of the same
methods to species exhibiting a range of vocalization frequencies and abilities, including elephants (Clemins et al.
2005), pigs (Schon et al. 2001), and a passerine (Trawicki
et al. 2005), implies that the methods are widely applicable. Studies on species with differing sound production
methods and types of vocalizations, e.g. frogs, cetaceans
or insects, will be necessary before the full extent of the
application of speaker recognition methods can be
determined.
Another potential problem with using speaker recognition techniques on ﬁeld recordings of animals is that
noise, and in particular the mismatched conditions that
occur when a recording used for testing a classiﬁer has
noise different from that with which the classiﬁer was
trained, is known to be a major challenge in human
speaker recognition applications (Juang 1991). Noise can
arise from a variety of sources such as ambient noise, reverberations, channel interference or microphone distortions. Although excellent recognition performance can
be achieved when the recording conditions are matched
between training and testing, a dramatic drop in accuracy
can occur under mismatched conditions. For example
a 10-dB addition of Gaussian noise was seen to decrease
accuracy by up to 80% when identifying human voices
(Gong 1995). There are many noise removal methods
that can increase this accuracy to less than 20% below
that obtained for matched recordings (Gong 1995). It is
likely that background noise and signal degradation will
be a signiﬁcant problem for animal acoustic recognition
due to the variable nature of weather conditions, other
background noise and distance from the subject that are
inherent in obtaining ﬁeld recordings. The recordings

used in this experiment had little background noise
because they were obtained at night-time and with the
microphone usually within 5 m of the bird. Because birds
are often recorded during the dawn chorus, there will typically be much greater levels of background noise and it
may be harder to approach the birds closely. Effort may
need to be spent researching the impact of noise and other
distortions before the techniques outlined above become
generally applicable to ﬁeld situations.

Conclusion
Acoustic individual recognition has the potential to be
an extremely useful tool for studying individual behaviours and in ecological contexts requiring individual
recognition. It has the advantage over physical marking
techniques of being noninvasive, inexpensive and relatively fast and simple to apply. Developing a method of
call-independent recognition will, for the ﬁrst time, provide a method of individual recognition that can be
applied to all species regardless of the complexity of calls,
amount of call sharing or individual variation in calls over
time. In addition, speaker recognition techniques solve
several of the other problems associated with the current
methods of acoustic individual recognition, which has
resulted in their rare use as methods of individual
recognition, including.
(1) The classiﬁers enable new calls to be classiﬁed as
unknown individuals.
(2) The methods are not species speciﬁc, thereby
preventing the need for extensive pilot studies.
(3) Call-independent recognition eliminates the need to
separate recordings into their respective song types,
thereby saving considerable amounts of time and effort.
(4) Feature extraction and classiﬁcation are both carried
out automatically, again resulting in a saving of time and
effort.
Conveniently, human speaker recognition techniques
appear to be just as applicable to animal vocalizations as
to human speech and hopefully research in this area will
result in substantial improvements in the ease and way in
which animals are studied.
This study was funded by the School of Animal Biology,
University of Western Australia and the Birds Australia
Stuart Leslie Bird Research Award. I thank Dale Roberts
and Leigh Simmons for their useful comments and the
three anonymous referees whose comments further improved the manuscript.
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