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Abstract
The songs of birds, like human voices, are important elements
of their identity. In ornithology, distinguishing the songs of
different populations is as vital as identifying morphological
and genetic differences. This paper takes a machine learning
approach to the task. Using data gathered in Indonesia, the
song from different subspecies of Black-naped Orioles and
Olive-backed Sunbirds is examined. The song from different
island populations is modelled with MFCCs and Gaussian
Mixture Models. Analysing the performance of the classifiers
on unseen test data can give an indication of song diversity.
The results show that a forensic approach to birdsong analysis,
inspired by speech processing, may offer invaluable insights
into cryptic species diversity as well as song identification at
the subspecies level.
Index Terms: birdsong, speech analysis, machine learning

Figure 1: Sulawesi region and islands where birdsong was
collected for this study.
The study of bird species in this region is ongoing, with the
identification of many new species of birds in recent years [9]
[10] [11]. Among experts, bird song is considered a particularly
effective way of comparing birds at species level. For example,
for Tyrant Flycatchers (Zimmerius) it has been found that
vocalizations are a better parameter for species diagnostics than
differences in plumage pattern [12]. Although populations may
have diversified enough to become separate species with distinct
vocalizations, their plumage patterns can be conserved and are
hence not useful for species identification. Differences in song
may help uncover these cryptic species[13]. Many birds are
”high canopy birds”, making them difficult to trap to allow
useful morphological measurements such as weight, bill length
and tail or wing length, or the gathering of genetic material.
Thus in extreme cases, their song may be the only data available
for analysis.
As further discussed in section Section 3, current methods
used in the comparison of birdsong can be quite laborious. This
paper explores the application of speech modeling typically
encountered in speaker verification and recognition to the
problem. Inspired by existing work demonstrating the potential
of machine learning techniques to separate very distinct
species of bird [1] [2] [3], this paper explores the use of
automatic classification to aid the analysis of subspecies of
birds. Gaussian-mixture-models (GMMs) are used to model
the diversity in a birdsong for a species from a particular
island. With a model for the birdsong typical of each island
it is possible to then construct the null hypothesis that for the
species selected, there is no difference in birdsong from the
different islands. Results from classification experiments are
used to confirm or reject this hypothesis. This has important
applications for the future study of birdsong, to demonstrate that
with a useful level of statistical significance that songs from two
or more species are different. The evidence may help confirm
that the birds from the different regions are the same or different

1. Introduction
The analysis of birdsong has increased in the speech processing
community of late [1] [2] [3] [4]. Much of the reported research
has concentrated on the identification of bird species from their
songs or calls. This has led to the development of smartphone
apps that claim to automatically identify a bird species from a
live recording taken by the user [5]. A lesser reported topic
is the analysis of birdsongs from subspecies of the same bird.
It is inherently more challenging to demonstrate differences
between data that is very similar. Biogeography is the study of
the geographic distribution of species. Ever since Darwin used
the Galapagos finches to illustrate divergence and speciation,
the distribution of bird species has played an important role
in the study of biogeography. Interest in bird distributions
and biogeography has increased further in recent years, due
to conservation concerns [6]. Thus geographical patterns of
song variation found within a given bird species is of significant
interest.
The birdsongs studied in this paper are from Sulawesi
in Indonesia, located between South East Asia and Australia.
Sulawesi is unique in that it lies on the border between the
Indomalayan and the Australasian biogeographical regions, in
the transition zone known as Wallacea. Wallecea is named
after the British biologist Alfred Russell Wallace. Wallace
independently developed his theory of evolution through natural
selection, prompting Darwin to publish his own work [7].
Wallacea is considered a hotspot of biodiversity [8] and contains
many endemic species. This is reflected in the biodiversity of
bird species on Sulawesi and its surrounding islands, shown in
Figure 1. Buton is a island located close to mainland Sulawesi
being less than 10 km at the nearest point, while Wangi-Wangi
is a island located further south by another 30 km from Buton.
Wangi-Wangi is part of the Wakatobi archipelago.
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emerging that the Wakatobi island birds may actually warrant
identification as a separate species. Whilst the reclassification
of any bird is a multifaceted task, the individuality of their
song is equally important to other morphological differences
such as plumage [16]. If the Wakatobi olive-backed sunbirds
are a different species, rather than a different subspecies to
the other Sulawesi olive-backed sunbirds as they are currently
considered, their song would also have to display significant
and repeatable differences. This paper presents an analysis of
the songs of birds recorded in these 3 locations and examines
whether similarities, and differences, in song can support a shift
in taxonomic classification.

subspecies of a single bird. If sufficiently different, the evidence
may support reclassifying a bird from a particular region as
a new subspecies, or possibly even a new species if strongly
supported by other morphological evidence [14] [15] .

2. Importance of bird taxonomy
Taxonomy is concerned with the classification of organisms.
A subspecies is subordinate to a species. Thus a species
of bird may have many subspecies.
The distinction is
particularly important when it comes to bird conservation.
Due to the historical nature of much of the work in the
area, many subspecies are often what McKay [16] describes
as ”arbitrary divisions” rather than discrete entities. This
is a particular problem with bird subspecies [17] and is
problematic as the conservation of a species is rated higher
than a subspecies. McKay argues that island subspecies are
a priority for reclassification as they are particularly prone
to extinction given their small distributions and population
sizes. This work examines two species of birds in South East
Sulawesi, commonly referred to as the black-naped oriole and
the olive-backed sunbirds.

(a)

(c)

Figure 3: Olive-Backed Sunbirds from (a) Sulawesi, (b) Buton,
and (c) WangiWangi

2.1. Black-Naped Orioles

3. Comparisons of birdsongs

The black-naped oriole Oriolus chinensis occurs in many
parts of Asia. Currently birds on Buton and Sulawesi are
recognised as subspecies Oriolus chinensis celebensis, whereas
those on Wangi-Wangi (as part of the Wakatobi archipelago) are
classified as Oriolus chinensis boneratensis. Both are shown
in Figure 2. As separate subspecies of the one bird, their
song should be significantly different. For this work, samples
of black-naped orioles from both Buton and Wangi-Wangi
were available. They are used to demonstrate the potential of
algorithms typical in speech processing for this application in
the life sciences.

(a)

(b)

Previous ornithological research has compared bird songs
across subspecies. McKay et al. [16] examined song in making
a case for the Bahama subspecies of the Yellow-throated
Warbler to be recognised as a distinct species in it own right.
Song was one aspect of the analysis. The song of 11 existing
subspecies of flavescens was compared to 58 birds from other
subspecies of the Yellow-throated Warbler, with the aim of
demonstrating divergence in the song. Comparisons were on the
basis of visual inspection of spectrograms. Features extracted
included the number of syllables and phrases, maximum and
minimum frequency and the difference in these values, whether
pitch was ascending or descending throughout the song, tempo
variations and also durations of syllables and the interval
between them. The authors used t-tests or Mann-Whitney
U-tests to compare the results from the two populations.
Similarly Sangster et al. in [15] describe a new species of
owl as the Rinjani Scops Owl, and data presented here also
includes vocalizations. Analysis here focused on 15 features:
frequency at start and end; frequency at 25, 50 and 75% of total
song duration, the frequency at maximum amplitude, maximum
and minimum frequency, total song duration, time to maximum
amplitude, time to maximum frequency, frequency drop from
start to end, frequency range, the slope from 25% to 75% of
total song duration and the slope from midpoint to the end of
the vocalization. Many of these features are similar to those in
[16] and demonstrate the key features considered important by
ornithologists in studying birdsong from closely related species
or subspecies.
Such analysis whilst thorough, is laborious and subjective
and can lack consistency in large tests. Hence it is difficult to
extend to larger studies. Sound Analysis Pro is another way
bird experts compare the similarity of bird songs [18]. This
open source software can rate the similarity of recordings based
on pitch, frequency and amplitude modulation, Wiener entropy,
and goodness of pitch. It can also carry out batch processing on
large numbers of files for comparison, though this can be slow
unless the files are very short.
The application of machine learning algorithms to birdsong
analysis has increased significantly in the past number of

(b)

Figure 2: Black-Naped Orioles, both adult males. (a) is a
Sulawesi bird (photo by Marc Thibault), the same subspecies
as found on Buton. The bird in (b) is from an island adjacent to
Wangi-Wangi, but the same subspecies.
2.2. Olive-Backed Sunbirds
The olive-backed sunbird, Cinnyris jugularis is a species of
sunbird found from Southern Asia to Australia. As seen
in Figure 3, they have delicate curved beaks designed for
extracting nectar from flowers. They have a sweet high-pitched
cheep cheep song which sounds like a series of long squeaks.
The currently accepted taxonomy for the sunbirds in South
East (SE) Sulawesi is that they are 2 different subspecies:
Cinnyris jugularis plateni and Cinnyris jugularis infrenatus.
The birds from mainland Sulawesi and Buton are officially
recognised as subspecies Cinnyris jugularis plateni whereas the
birds from the Wakatobi Islands, including Wangi-Wangi, are
officially Cinnyris jugularis infrenatus. There is an strong case
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years. Most of the work in the domain has focused on
species classification over a large and diverse range of species,
as opposed to birds of a single species. A good review is
provided in [4] and [1]. Shaw [4] presents a comparison of a
number of classifiers for birdsong recognition, demonstrating
that a hybrid HMM-ANN system was the best of the tested
classifiers, though a GMM was extremely competitive on the
task of classifying unknown songs as one of 15 species. Lee
et al. [2] classify birds from 28 different species. They
propose the use of a feature set derived from static and dynamic
two-dimensional Mel-frequency cepstral coefficients (MFCC).
Segmented syllables are the basic recognition unit. Recent work
from Lee [1] introduces the MPEG-7 angular radial transform
(ART) descriptor as a novel way to capture both frequency
and temporal variations within a birdsong segment viewed as
a grey-level spectrogram. This feature set outperforms the 2D
MFCC features in [2] on data from the same 28 species.
With scant literature reporting on the task of comparing
within-species birdsong, this paper uses a GMM classifier and
MFCC features to begin an exploration of the use of speech
analysis techniques in finding differences in the songs from
birds of the same, or closely-related, species.

was used in both training and testing, i.e. the test set was
”speaker-independent” in all cases. An allowable training set
for a single region was constrained to contain 70% of the
available birds (e.g. for the Buton BNOs, this would mean 8
of the 12 birds were used for training) . The resulting training
crossfolds were further constrained by stipulating that they must
contain between 70 and 80% of the data in terms of total
samples. This definition of allowable training sets ensured a
sufficient number of birds and calls for the corresponding test
sets.
Using this approach defined 153 possible train/test splits
for the Wangi-Wangi BNO data, and 35 for the Buton BNOs.
35 of each were used, training 35 different GMMs for both the
Wangi-Wangi and Buton birds. All classifier combinations were
tested, resulting in 1225 different tests. Similarly, 24 possible
train/test splits obeying the above criteria were possible for the
Wangi-Wangi OBSB data. Only 7 permutations of the Buton
OBSBs and 6 permutations of the Sulawesi OBSBs met this
criteria. Thus initially just 6 of each were used, training 6
different GMMs for each of the OBSB regions. All classifier
combinations were tested, resulting in 216 different tests.
4.2. Classifier Design

4. Experimental Setup

Gaussian Mixture Models with between 1 and 4 mixtures were
trained using HTK. MFCC features were extracted from the bird
samples, which had a 22.05kHz sampling rate, over a 40ms
window, with a 10ms frame rate. 30 mel-spaced filters were
used. The 12 MFCC coefficients were appended with energy
and first and second order derivatives. Classifiers for each bird
and region were trained with each training fold. They were then
tested with data from all the regions for that bird. Thus the
BNO classifiers were tested for their ability to correctly classify
birdsong samples as being from Wangi-Wangi or Buton. Recall
that the birds from these two islands are classified as different
subspecies and thus their song should be different. The OBSB
classifiers were tested on their ability to seperate songs from
the three regions: Wangi Wangi, Buton or Sualwesi. The
Buton and Sulawesi birds are considered the same subspecies
of OBSB. The Wangi-Wangi birds are currently identified as
another subspecies of OBSB.

All data used in this paper was collected by a member of
the Zoology Department of Trinity College Dublin (TCD)on a
2012 field trip to Sulawesi. All recordings were made with a
Zoom H2 Handy Recorder [19] using a separate microphone
(Sennheiser ME62 Omni-Directional Condenser Microphone
Capsule [20]) The microphone was mounted in a parabolic
reflector, specifically a Telinga Reflector with a 1mm flexible
dish [21]. Birdsongs were stored as MP3 files at 128kpbs as
a compromise between quality and storage limitations when
in the field. The dataset collected contains recordings from a
wide variety of birds taken on the 3 islands, Sulawesi, Buton
and Wangi-Wangi. Recordings were taken during the dawn and
dusk choruses, when the greatest number of birds were singing.
Careful procedures for recording were in place to ensure the
same individual bird was not repeatedly recorded. Recording
distances varied from a few metres to as much as 100 metres.
Adobe Audition was used to segment each bird recording
into individual calls from that bird. Some preprocessing was
performed to minimise any spurious noise such as background
cars, crickets, hum, or running water that had obscured
recordings.
12 Black-naped orioles (henceforth referred to as BNO)
from Buton were recorded with a total of 66 calls, ranging from
3 to 15 calls per bird. 10 BNO were recorded on Wangi-Wangi,
totalling 77 calls, and ranging from 2 to 22 calls for a single
bird. For the Olive-backed sunbirds (henceforth referred to as
OBSB), 9 birds were recorded on Wangi-Wangi, 7 from Buton
and 7 from Sulawesi. This resulted in a total of 208, 313 and
218 calls from each region respectively.

5. Results
5.1. BNO
The results from the BNO classifier tests are summarised in
Table 1. The weighted accuracy (WA) is the total accuracy
over all tests whereas the unweighted accuracy figure is the
average correct classification, averaged over all tests. The two
are different due to small differences in the number of test
samples per test. Overall, classification accuracy is higher
for the Buton BNOs. Considering the null hypothesis that
there is no difference between the songs from the BNOs from
the region, an average expected classification rate would be
50% for this two-class problem. The alternative hypothesis is
that the classifiers are detecting a difference in song between
BNOs from Buton and Wangi-Wangi. Using a t-test yields
p < 0.0001, which indicates the null hypothesis can be rejected
in favour of the alternative hypothesis.

4.1. Train and Test data
Given that the total number of samples was not large enough for
a single train-test partition, a large number of cross-validation
tests were designed. A genuine leave-one-out cross validation
(LOOCV) was not a good option due to the very small number
of recordings available from some birds. Thus a compromise
was made between having enough variability in the training
data and enough test data for meaningful results. No bird

5.2. OBSB
The results from the OBSB classifier tests are summarised in
Table 2. The results for the OBSB population tell a more
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Table 1: % Classification results for Wangi-Wangi (WW) and
Buton (BU) black-naped orioles. WA = weighted accuracy.
UWA = Unweighted accuracy
GMM
1mix
4mix

WW
WA UWA
68.2
68.7
65.0
66.1

WA
85.1
85.5

Table 4: % Classification results for Wangi-Wangi (WW),
Buton (BU) and Sulawesi (SU) olive-backed sunbirds with extra
training data. Only weighted accuracy is shown

BU
UWA
84.0
81.7

GMM
4mix
10mix

1mix
4mix

WA
71.9
73.6

BU
UWA
72.3
73.2

WA
41.4
41.8

SU
43.4
42.3

6. Discussion
It is believed that the ancestors of the black-naped orioles
present on the Wakatobi islands (including Wangi-Wangi)
would have travelled there from the nearest older, larger islands
of Sulawesi and Buton. It is known that song dialects are
learned which means it is possible that a species may re-adjust
their song after dispersal to a new breeding location [22].
Considering that Buton BNOs are less frequently confused as
Wangi-Wangi birds, this may indicate the presence of a more
versatile dialect on Wangi-Wangi. The Wangi-Wangi BNOs
often emit a loud Swooosh noise accompanying their flutey call.
Unfortunately this did not come out very well in all recordings.
The BNOs found on Buton did not appear to make this noise.
Zoologists at TCD currently possess phylogenetic evidence
to show two genetically distinct populations on the Wakatobi
Islands which is consistent with the possibility of multiple
subspecies of BNO on Wangi Wangi. This is consistent with
the better classification of the Buton birds. More recordings are
needed to verify this.
The classifier results from the olive-backed sunbirds shows
that divergence of song has occurred in the Wangi-Wangi
population. A look at their genetics and biometrics will paint
the complete picture of how much divergence has occurred
[23]. It is evident that the divergence of mating signals such
as song can occur rapidly in birds and is very important in the
process of reproductive isolation and speciation [24]. Work
is ongoing by researchers at TCD to back up the theory of
divergences occurring in the OBSB. They are confident they
can demonstrate reproductive isolation of OBSB population on
the Wakatobi Islands. Only time will tell whether a full case for
the declaration of a Wakatobi species of olive-backed sunbird
can be made.

Table 2: % Classification results for Wangi-Wangi (WW), Buton
(BU) and Sulawesi (SU) olive-backed sunbirds.. WA = weighted
accuracy. UWA = Unweighted accuracy
WW
WA UWA
76.4
76.5
87.1
87.0

BU
83.2
88.0

the difference in song from the two identified subspecies,
and hence pool the results from the Buton and Sulawesi
birds. As a subspecies recognition task, a 96.8% accuracy is
achieved on the Cinnyris jugularis plateni subspecies (Buton
and Sulawesi), and 96.8% accuracy on the Cinnyris jugularis
infrenatus subspecies, represented by the Wangi-Wangi birds.
This confirms a significant divergence in song from these two
subspecies of olive-backed sunbirds.

complex tale. Table 3 gives a full confusion matrix for the
results from the 4-mixture GMM classifiers. The Wangi-Wangi
population of OBSB is consistently correctly classified with
an accuracy at 87%. The Buton and Sulawesi birds are
hard to distinguish. This should not be surprising since the
Buton and Sulawesi birds are the same subspecies of OBSB.
What is surprising is the non-symmetrical manner of this
misclassification. The classification rates for Buton birds are
over 70%, whereas more than half the Sulawesi OBSB calls are
classified as Buton birds.

GMM

WW
95.5
96.8

SU
UWA
41.2
42.0

Table 3: Confusion matrix for Wangi-Wangi (WW), Buton (BU)
and Sulawesi (SU) olive-backed sunbirds.
WW
BU
SU
WW 87.1%
4.8%
8.1%
BU
9.7%
73.6% 16.8%
SU
3.8%
54.5% 41.8%
An initial examination of performance for individual birds
did not reveal any strong pattern. Hence, another experiment
was run to increase the training data for all the OBSB GMMs.
The training cross-fold criteria outlined in Section 4.1 were
relaxed to leave only 1 bird in the test data, allowing all
other birds to be used to train the classifier. Only splits using
70-90% of the calls for training were used. This resulted
in 5 permutations of the Buton OBSBs, 3 permutations of
the Sulawesi OBSBs, and 4 permutations of the Wangi-Wangi
OBSBs. This gave 60 different combinations of OBSB
classifiers. The results are summarised in Table 4. The number
of mixtures was increased up to 10 due to the increased amount
of training data available for each classifier.
The increase in training data has improved the classification
accuracy of the Wangi-Wangi birds to over 96%, consistent
with the theory that these birds are a distinct subspecies of
olive-backed sunbirds. The Sulawesi birds remain highly
overlapped with the Buton birds. An analysis of performance
for individual birds revealed one bird in the Sulawesi population
(bird 02 in the recordings) was consistently recognised as a
Buton bird. Similarly, Buton bird 07 was identified as a
Sulawesi bird over 80% of the time whenever Sulawesi bird
02 was in the training data for the Sulawesi birds. More
detailed analysis of the birdsongs is required, but this result
hints at the presence of more than one dialect in Sulawesi
OBSBs. This warrants further exploration in future studies.
An alternative way to consider the OBSB data, is to measure

7. Conclusions
The work presented here is an early-stage application of GMM
classifiers to aid the study of birdsong and speciation. More
work on the feature set employed is needed as literature in
bird classification across less similar species has already shown
superior performance to MFCC features. Considering state of
the art features such as MPEG-7 angular radial transform (ART)
descriptor of Lee et al. [1] and combining this with knowledge
of what ornithologists consider distinguishing features may
yield further improvements. A move towards an evidence-based
approach now typical in speech forensics is currently underway
by the authors.
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[23] J. R. Sosa-López, D. J. Mennill, and A. G. Navarro-Sigüenza,
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