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Abstract

In order to automatically extract ecologically useful in-
Sformation from audio recordings of birds, we need fast and
accurate algorithms to classify bird sounds. We conduct
a large-scale empirical study to evaluate algorithms for
classifying bird species from audio using combinations of
3 feature sets (Mel-frequency cepstral coefficients, average
spectra, and noise-robust measurements), with 10 classi-
fiers including support vector machines and AdaBoost (with
J48), on a 2.49 Gb data set consisting of recordings of 20
species of bird from the Cornell Macaulay library. Using
implementations from the Weka machine learning system,
Random Forest is always close to AdaBoost and usually
more accurate than SVM, while being an order of magni-
tude faster than both.

1 Introduction

Our goal is to develop algorithms that classify bird
sounds according to species. We intend to use such a clas-
sifier to automatically extract information about patterns of
bird activity from a large data set of audio collected in the
field.

Spectrograms are widely used for understanding bird
sounds [4]. Figure 1 shows the spectrogram for a one sec-
ond recording of a Mountain Chickadee. A spectrogram is
a graph of the intensity of a sound as a function of time and
frequency. Bird sound often has a gramatical structure, in
which the basic building blocks are called syllables [4]. In
this study, we consider algorithms for classifying syllables
by species. The boxes in Fig. 1 indicate syllables. A sylla-
ble is basically a single distinct utterance by a bird.

We evaluate three types of features to describe sylla-
bles: Mel-frequency cepstral coefficients (MFCCs), which
among the most widely used features in audio classification,
average spectra (i.e. average rows of Fig. 1), and noise-
robust measurements, which have been used for classifying
sounds made by marine mammals [22], but not extensively
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Figure 1. The spectrogram for one second of
a recording from a Mountain Chickadee. The
boxes indicate syllables detected by the algo-
rithm given in Sec. 3.3.

evaluated on bird sound. We compare the accuracy of 10
standard algorithms for supervised learning on these fea-
tures (see Sec. 4). We are not aware of any prior work on
bird species classification that employs Adaboost, Bagging
or Random Forest classifiers, although SVMs [10], neural
nets [21], and nearest-neighbor classifiers [20, 14, 25, 6]
are used.

The experiments presented herein involve 20 species of
bird and over 30,000 syllables, which makes this a much
larger scale study than most prior work. We conclude that
Random Forest offers clear advantages over SVM and Ad-
aBoost with J48 on a problem of this size, because it pro-
vides the best tradeoff between runtime and accuracy. Fur-
thermore, the average spectrum representation of syllables
gives better classification accuracy than MFCCs, which are
more widely used (although average spectrum is a higher-
dimensional feature, and thus, slower).

2 Bird Species Classification: Background

In this section, we provide background on audio classifi-
cation, and discuss prior work on bird species recognition.

Signals, Frames and Spectrograms Audio data consists
of a time-series of samples, denoted s(1),s(2),...s(n).



Sound is sampled at a particular rate f;, which specifies
how many samples are in one second. It is easier to iden-
tify patterns in audio, particularly bird sound, after trans-
forming a series of samples into a spectrogram [4]. To do
80, a signal is first divided into overlapping frames, each of
which consists of a sequence of consecutive samples. The
fast Fourier Transform (FFT) is then applied to each frame
to obtain their spectra, which describe the intensity of the
sound within each frame, as a function of frequency. The
spectrum of a frame consists of a list of complex Fourier
coefficients returned by the FFT. We use the magnitudes of
these complex numbers, which are referred to as a the mag-
nitude spectrum. The FFT produces a spectrum for each
frame in a signal; a spectrogram is a graph of the spectra of
a series of frames. Figure 1 shows an example spectrogram.

2.1 Features

This section explains the calculation of three types of
features to describe syllables: average spectra, average
MFCCs, and noise-robust measurements. We defer discus-
sion of how syllables are detected to Sec. 3.3.

Average Spectra To calculate average spectra and
MEFCCs, consider the start and end time (in frames) of a syl-
lable, and the spectrogram within that range (note that we
do not use the frequency bounds depicted in Fig. 1 when
computing these features). If the start time is t,,;, and
the end time is ¢4, the average spectrum is Avg(j) =

. Sitmax (4, §), where Q(4, §) is a spectrogram

tmax —tmin 1=tmin

after normalization and noise-reduction (see Sec. 3.2).

Mel-Frequency Cepstral Coefficients Mel-frequency
cepstral coefficients [§] (MFCCs) are one of the most
widely used features in audio classification. The general
idea is to first compute Mel-frequency coefficients (MFCs),
which are like the magnitude spectrum, but in units of mels
rather than Hz (mels correspond more closely with human
perception of pitch [26]). MFCs are computed by applying
a collection of triangle filters to the magnitude spectrum;
the MFCs are the response of each filter. The filters are
evenly spaced in the mel scale. MFCCs are the result of ap-
plying the discrete cosine transform (DCT) to the log of the
MECs. Like spectra, MFCCs describe a single frame, and
are averaged over the duration of a syllable.

Noise-Robust Measurements Mellinger et al. [22] pro-
posed a set of noise-robust features for classification of
vocalizations made by marine mammals. Unlike aver-
age spectra and MFCCs which require just the start and
end time of a syllable, noise-robust measurements also in-
volve a minimum and maximum frequency, which define

M3 Min. Frequency (kH z)
M4 Max. Frequency (kH z)
M5 Duration (sec)

M6 Bandwidth (kH z)
MT7/M5 Median Time / Duration

M11/M6 Median Frequency / Bandwidth
Q1ltime/M5  Temporal Low Quartile / Duration
Q3time/M5  Temporal High Quartile / Duration

Qltreq /M6  Frequency Low Quartile / Bandwidth

Q3 freq/M6  Frequency High Quartile / Bandwidth
M8/M5 Temporal Interquartile Range / Duration
M12/M6 Spectral Interquartile Range / Bandwidth
M10/M5 Temporal Asymmetry / Duration

M14/M6 Spectral Asymmetry / Duration

M16 Relative Time of Peak Cell Intensity

M18 Relative Time of Peak Overall Intensity
M19/M6 Frequency of Peak Cell Intensity / Bandwidth
M20/M6 Frequency of Overall Peak Intensity / Bandwidth

Table 1. The features we use from Melinger’s
noise-robust measurements.

a box in spectrogram around a syllable. Using the nota-
tion in [22], features describing a syllable are denoted as
M1, M2, M3, ... M20 and Q1, Q3. Table 1 lists the com-
binations of these features that we use (18 in total). To nor-
malize the ranges of these features, we divide a feature with
units of time by the syllable’s duration to make it unitless,
and similarly, we divide features with units of frequency by
the syllable bandwidth.

2.2 Related Work

Many authors have proposed systems for classifying bird
species from audio recordings [21, 25, 10, 20, 15, 6, 14],
which generally work by first segmenting audio into syl-
lables, computing features such as Mel-frequency cepstral
coefficients [8] (MFCCs) for those syllables, then applying
a standard classifier such as neural nets [21] or support vec-
tor machines [10].

Most algorithms for detecting syllables work by comput-
ing an energy envelope for a sound, comparing it to a thresh-
old, then predicting syllables where the energy is above the
threshold [15, 25, 10, 24, 24].

After running a segmentation algorithm to identify syl-
lables, systems for bird species recognition extract acous-
tic features to characterize the syllables in a way that can
be used with machine learning algorithms for classification.
Linear Predictive Coding (LPC) [20, 18, 6, 21] and Mel-
frequency cepstral coefficients (MFCCs) [8, 13, 11, 26, 20,
18, 19, 25, 10, 6], are common in analysis of speech and
music, and are amongst the most widely used features to



describe syllables of bird sound. Features such as LPCs
and MFCCs describe individual frames of sound; to char-
acterize a syllable as a whole, a standard approach is to
average the frame-level features [10, 20, 25] . Other fea-
tures that have been used to characterize syllables include
spectral peak tracking and analysis-by-synthesis / overlap-
add (ABS/OLA) [14, 15, 25, 6], Wavelets [24], and ‘de-
scriptive parameters’ such as bandwidth (one of the noise-
robust measurements), zero-crossing rate and spectral flux
[25, 10].

Some prior work is concerned with classification of
bird species from individual syllables [10], while other
work is also concerned with identifying species from songs
composed of sequences of syllables [25, 18]. The algo-
rithms that have been applied to classifying syllables in-
clude nearest-neighbor and distance based classifiers [20,
14, 25, 6], multi-layer perceptrons [24, 21], self-organizing
maps [24], and support vector machines [10].

3 Experimental Setup

This section explains the experimental setup we used to
evaluate the features and classifiers introduced in Sec. 2.1
and 3.5. The goal is to measure the accuracy of these clas-
sifiers in predicting bird species from a single syllable, de-
scribed by a fixed-length feature vector.

3.1 Data

We have 2.49 Gb of audio recordings of 20 species of
bird (see Fig. 2), from the Cornell Macualay library of or-
nithology, encoded as mono 8-bit WAV files, with sampling
rate f; = 44.1kH z. There are 7 files for each species, and
each file is between one minute and 20 minutes long. These
recordings were collected over several decades, mostly in
the western United States. Each recording is labeled with
a species of bird. Most of the sounds in a recording are
from one or more birds of this species, although there are
sometimes other noises including different species of bird,
car sounds, and human voices. We manually removed most
portions of recordings containing human voice.

3.2 Preprocessing

In Sec. 2, we gave a general description of audio signals
and features to describe them. In this section, we elaborate
on more details and parameters specific to our implementa-
tion.

Chunks and Spectrograms We divide the original au-
dio files into 10 second ‘chunks’, resulting in 2,963 chunks,
for a total of 493.8 minutes of audio. Working with small
chunks of sound reduces the amount of memory needed for
computations. To compute a spectrogram for each chunk,
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Figure 2. The number of syllables for each
species in the data set.

we divide it into frames of 256 samples, with 50% overlap.
Running the FFT on a frame of 256 samples gives a spec-
trum with 128 Fourier coefficients, but to decrease compu-
tation time, we use only the lower 64 coefficients. To reduce
noise, we set all values for the lowest 3 coefficients to zero.
These two operations are equivelent to filtering out sound
below 517.97H z and above 11.05k H z. Most bird sound is
in this range.

Normalization & Noise Reduction Although noise and
intensity levels vary considerably between recordings, we
can assume they are relatively constant over the duration of
a 10 second chunk. Within each chunk, we normalize the
spectrogram by dividing all cells by the value of the max-
imum cell, and remove the stationary noise by subtracting
the average spectrum (similar to spectral subtraction [1]).
If the magnitude spectrum for frame ¢ and frequency bin
jis M(i,7), we compute the normalized spectrogram as
N(i,5) = M(i,j)/ max; ; M (4, j). Next, we compute the
average spectrum over the duration of a chunk, A(j) =
LN | N(i,7), where n is the number of frames in the
chunk, then subtract this vector from the normalized spec-
trum for each frame, to get the noise-reduced spectrogram,
R(i,5) = max(0, N(i,7) — A(j)). Here j ranges from 1 to
the number of elements in the spectrum. We use the values
of R directly in the calculation of MFCCs (see Sec. 2.1), but
for detecting syllables and computing average spectra and
noise-robust measurements, we use Q(i,j) = /R(, ) in-



stead; this is an ad-hock adjustment to boost contrast be-
tween background noise and signal.! The spectrogram in
Fig. 1 is a direct representation of (%, j), with white corre-
sponding 0 and black corresponding 1.

3.3 Detecting Syllables

Similar to Fagerlund [10] and Hérma et al. [25], we use
an energy based segmentation algorithm to identify the start
and end times of syllables. We compute the energy envelope
from the de-noised spectrogram as E(i) = 254:1 Q(i, 7).
After computing the energy envelope, we smooth it by ap-
plying a uniform convolution with a neighborhood size of
7 frames (i.e. each F(i) is replaced by the average of 15
elements of F, which includes 7 elements on either side of
1, and element 7). Then we normalize the energy by divid-
ing each element by the value of the maximum. Next, we
compute the average energy E,,q = + 3" | E(i), and a
threshold 7' = %Eavg. Syllables are defined by the regions
where E(i) > T, with their start and end frames being the
points where E(i) crosses T. The constant 3 was chosen
by visual inspection of segmentation results with various
thresholds.

The noise-robust measurements M 1 and M2 correspond
to the start and end time of a syllable. The algorithm de-
scribed by Mellinger [22] requires that a human first provide
a rough annotation box around a syllable to compute M1
and M2. We instead use the start and end-frames identi-
fied by the energy-threshold algorithm above. Noise-robust
measurements also require a minimum and maximum fre-
quency, which combined with the start and end time for a
syllable, form a box (see Fig. 1). We compute frequency
bounds for syllables (// 3 and M 4) following the algorithms
given in [22], starting from Q(3, ), i.e. the spectrogram
after normalization, noise-reduction and contrast enhance-
ment.?

3.4 Implementation of MFCCs

Our implementation of MFCCs is based on the descrip-
tion provided by Ganchev et al. [13] of the MFCCs com-
puted in the Cambridge Hidden Markov Models Toolkit
(for MATLAB), known as HTK [28]. In our implemen-
tation, the first triangle filter is centered at 1033.59H z, and
the last filter’s highest value is 22.1kHz.> We use 24 fil-

Visually, we find that spectrograms show clearer distinction between
bird sound and noise with this modification.

2For calculating M3 and M4, Mellinger used an energy threshold of
90% instead, but we visually we preferred the results with 75%.

3Following an exact implementation of the filters described by Ganchev
et al. [13], we got aliased triangle filters because some were narrower than
a single spectrum bin, which caused artifacts in the MFCs. To fix this
problem, we numerically integrate the triangle filter function over the range
of each bin. Many other implementations of MFCCs work with lower
sampling frequencies [13], so we suspect this problem is related to working

ters, resulting in 24 MFCs, then take only the first 12 ele-
ments of the output of the DCT as a feature to describe each
frame (similar to Fagerlund [10]). Then, we average the
MEFCCs for each frame within a syllable to get a single set
of MFCCs that describe the syllable as a whole, which re-
sults in a 12-dimensional feature vector. Note that for com-
puting MFCCs, we use the de-noised spectrogram R(4, j),
without the contrast boost.

3.5 Classifiers

Using the features described in Sec. 2.1, we evaluate a
variety of algorithms for supervised learning:

e Naive Bayes

e Logistic Regression

e Multi-Layer Perceptron (MLP) [24, 21]

e k-Nearest-Neighbors [20, 14, 25, 6]

e J48 (a pruned decision tree based on C4.5 [23])
e Adaboost [12] applied to J48

e Bagging [2] applied to J48.

e Random Forest [3]

e Support vector machines [7, 10]

The classifiers we use in this experiment are part of Weka
[27], an open-source software package written in Java that
provides a collection of widely used algorithms for machine
learning. Table 2 lists the classifiers that we used, and the
command to Weka specifying the parameters for each clas-
sifier, as well as the results, which are discussed in Sec. 4.

Because it is much faster than the basic implementa-
tion of SVMs in Weka, we used WLSVM [9], which inte-
grates LIBSVM [5] into Weka. Following Fagerlund [10],
and the recommendations of Hsu, Chang and Lin [16], we
use a radial basis function kernel, and optimize the SVM
parameter C' and the kernel parameter 7, by grid search.
We evaluate the SVM at all combinations of C' and v in
{1071,10°,10%,102?}. To handle multiple classes (in our
case, species), we use the one-against-one voting scheme
[17].4

with sound sampled at 44.1k H z, as well as our choice of values for fj,.,
and fpigh.

“4Fagerlund constructs a decision tree of binary SVMs to handle multi-
ple classes; one-against-one voting is recommended over this approach by
the authors of LIBSVM.



Classifier Spectrum MFCCs Noise-Robust Weka command

Naive B ayes 27.09% 31.08% 26.43% weka.classifiers.bayes.NaiveBayes

LOgiStiC Regression 27.63% 30.46% 29 16% weka.classifiers.functions.Logistic -R 1.0E-8 -M 100

MLP 33.80% 35.16% 34.13% weka.classifiers.functions.MultilayerPerceptron -L 0.3 -M 0.2 -N 100 -V 0-S 0-E20 -Ha
1-Nearest-Neighbor  38.72% 35.88% 30.98% weka classifiers lazy.IB1

5—Nearest—Neighbor 39.24% 36.59% 31.87% weka.classifiers.lazy.IBK -K 5 -W 0 -A

J48 32.26% 29.76% 30.73% weka.classifiers.trees.J48 -C 0.25 -M 2

Adaboost with J48 50.29% 39.18% 40.34% weka.classifiers.meta. AdaBoostM1 -P 100 -S 1 - 100 -W weka.classifiers.trees.J48 — -C 0.25 -M 2
Bagging With J48 4635% 37. 15% 3939% weka.classifiers.meta.Bagging -P 100 -S 1 -I 100 -W weka.classifiers.trees.J48 — -C 0.25 -M 2
Random Forest 48.58% 39.74% 40.34% weka.classifiers.trees.RandomForest -1 100 -K 0 -$ 1

SVM 42.30% 41.49% 38.61% weka.classifiers.functions.LibSVM -S 0 -K 2 -D 0-G ~ -R 0.0 -N 0.0-M 512.0 -C C -E 0.0010 -P 0.1 -Z

Table 2. The accuracy for each classifier and feature set, and the Weka command for the classifier.

3.6 Cross Validation

There are 7 representative recordings from each species,
i.e. wrenl.way, ..., wren7.wav, owll.wav, ..., owl7.wav,
etc. These files generally contain recordings of one or more
individual birds repeatedly producing a similar song or call.
If we train and test a classifier on examples that come from
the same recording, classification is relatively easy, because
calls from the same individual bird over a short period of
time are often very similar. We use a setup that ensures that
classifiers must be general across individuals of the same
species, rather than just learning to classify specific birds in
the training set. Somervuo, Hiarmi and Fagerlund use sim-
ilar ‘individual independent’ cross validation [25]. We run
leave-one-out cross validation at the scale of files; there are
7 folds which correspond to 7 audio files for each species.
In each fold, all syllables in one file from each species are
set aide for testing, and syllables in the remaining six files
are used for training.

3.7 Unbalanced Training Examples

Some species, such as the Winter Wren, and Townsend’s
Solitaire, produce many more syllables per unit time than
other species (see Fig. 2). Consequently, the training and
test data sets contain more syllables for these species than
the others. Classifiers trained with all available data are
strongly biased towards these two majority classes. To
avoid this bias, we do not use all available training data,
but instead use a balanced subset of training examples. In
each fold of cross-validation, we randomly sample 250 rep-
resentative training examples from each species (with re-
placement), for a total of 5,000 training examples for 20
species.

3.8 Measuring Accuracy

Although we only use 5,000 training syllables in each
fold of cross-validation, we still classify all 39,747 test syl-

lables over the 7 folds. If we computed accuracy for a clas-
sifier as the fraction of syllables it correctly predicts, this
measure will mostly characterize accuracy for the Winter
Wren and Townsend’s Solitaire. Instead, we calculate the
classifier’s accuracy for each species, then take the average
of the per-species accuracies to get a single overall average
accuracy.

4 Results

Table 2 lists the average per-class accuracy for each com-
bination of features and classifier. AdaBoost with average
spectra features was the most accurate overall, but Ran-
dom Forest was almost as accurate. In Weka’s implemen-
tation, Random Forest was about 10 times faster than Ad-
aBoost with J48,5 which we think is because the trees con-
structed by J48 are pruned with a relatively complex algo-
rithm, whereas the trees in Random Forest are not pruned,
and deal with subsets of features during induction. Random
Forest in Weka was 20 times faster than WLSVM, which
is primarily due to the need to optimize the SVM parame-
ters C' and +y, and because one-against-one voting requires
(%)) = 190 binary SVMs. These results suggest that Ran-
dom Forest provides the best tradeoff between accuracy and
runtime.

Classifiers using average spectra features were generally
the most accurate, but this is the highest-dimensional fea-
ture (average spectra are 64 dimensional, MFCCs are 12
dimensional, and noise-robust measurements are 18 dimen-
sional).

Somervuo, Hirméd and Fagerlund [25] conducted an
evaluation of bird species classification from syllables with
14 species, using MFCCs and other features, and nearest-
neighbors classifiers with and without dynamic time warp-
ing (a technique for comparing variable length sequences

3Tests were run on a MacBook Pro with dual 2.53 GHz Intel Core 2
Duo processors and 4GB of 1067 MHz DDR3 ram. Runtime includes both
training and testing.



of features), and achieved accuracies around 50%. They
used an energy-threshold segmentation algorithm and an
individual-indepented cross-validation setup, which makes
our experiments roughly comparable. However, we ob-
serve that the number of species in a classification prob-
lem greatly affects its difficulty, so achieving about 50%
accuracy on a problem with 20 species suggest that our ap-
proach improves on prior work (although other factors con-
found the comparison, such as the number of training ex-
amples and which species are included). Fagerlund’s more
recent work on syllable classification with SVMs cannot be
directly compared, because there are only 5 species being
classified [10].

5 Conclusion

The experimental results of this study suggest that Ran-
dom Forest offers the best tradeoff between accuracy and
runtime amongst a variety of other classifiers including
SVMs. For future work in bird species classification, we
suggest the use of average spectrum features to represent
syllables, and Random Forest for classification.
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