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Although wild bird watching has been a popular leisure activity, it is often the case 

that people have no idea about what kind of bird species they see or hear. To help people 
learn to identify bird species, this study proposes an automatic bird sound identification 
system. Considering bird vocalization can be generally divided into two categories, 
namely call and song, the proposed system is built upon a two-stage identification 
framework. The first stage performs call/song classification. If an unknown sound clip is 
classified as a call, it is then handled by a call identifier in the second stage; otherwise, it 
is handled by a song identifier. Both identifiers use two acoustic features, timbre and 
pitch, to determine which of the bird species the sound clip belong to. In using timbre 
features, bird sounds are converted into Mel-Frequency Cepstral Coefficients and their 
first derivatives and then analyzed using Gaussian mixture models. In using pitch feature, 
we convert bird sounds into MIDI note sequences and then use bigram models to analyze 
the dynamic change information of the notes. Our experiments, conducted using a data-
base including twenty common bird species in the Taipei urban area, show that the pro-
posed system can achieve 90.4% accuracy. 
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1. INTRODUCTION 
 

In our world, the species of birds exceed more than nine thousand and seven hun-
dred. Even though one may view several species frequently, few can identify the species. 
In response to this problem, this study aims to develop an automated identification system 
to recognize different bird species. Throughout this paper this technique will be referred 
as “bird sound identification”. A possible application of this technique would enable 
people to send in recordings of bird sounds to identify its species through our system. 

Up to now, there is only very limited literature devoted to bird sound identification. 
In [1], Anderson et al. used dynamic time warping to measure the differences of spectro-
gram between an unknown bird sound recording and the template bird sound recordings. 
In [2], McIlraith et al. used backpropagation neural network and multivariate statistics to 
perform bird sound identification. The acoustic features tested in [2] are the number of 
syllables, average syllable duration, standard deviation of syllable durations, average 
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pause duration, and standard deviation of pause durations. In [3], Kogan et al. compared 
the performances of bird sound identification obtained with dynamic time warping and 
hidden Markov model, in which six acoustic features are used: Linear Predictive Coding 
(LPC) Coefficients, LPC-derived Cepstral Coefficients, LPC Reflection, Mel-Frequency 
Cepstral Coefficients (MFCCs), Log Mel-Filter Bank Channel, and Linear Mel-Filter 
Bank Channel. More recently, Somervuo et al. [4] compared three acoustic features on 
bird sound identification: sinusoidal modeling features, MFCCs, and descriptive features. 
In [5], Selin et al. applied wavelets and two artificial neural networks, self-organizing 
map (SOM) and multilayer perceptron (MLP), in the recognition of bird sounds. In [6], 
Juang and Chen further developed a singleton-type recurrent fuzzy neural network 
(SRNFN) fed with LPC coefficients to identify bird sounds. In [7], Lee et al. proposed 
using two-dimensional Mel-frequency cepstral coefficients in conjunction with Gaussian 
mixture models to classify bird species. However, it is worth noting that all of the 
above-mentioned studies tackle bird sound identification from a perspective of tim-
bre-based analysis only. They all ignore bird sounds' pitch information, which is an im-
portant factor for why bird sound is often called bird song. 

In contrast to the existing studies, this work proposes a bird sound identification 
system based on both timbre and pitch analyses. Further, considering bird sounds can be 
generally divided into two categories, namely call and song, the proposed system is built 
upon a two-stage identification framework. The first stage performs call/song classifica-
tion. If an unknown sound clip is classified as a call, it is then handled by a call identifier 
in the second stage; otherwise, it is handled by a song identifier. Each of the two identifi-
ers uses two acoustic features, timbre and pitch, to determine which of the bird species 
the sound clip belong to. In addition, the call/song classification is also done with timbre 
and pitch features. 

The reminder of this paper is organized as follows. Section 2 briefly highlights the 
characteristics of bird sounds. Section 3 introduces the configuration of the proposed bird 
sound system, in which the major components, timbre-based analysis, pitch-based analy-
sis, and call/song classification, are detailed in Section 4, 5, and 6, respectively. Section 7 
discusses the experiments for examining our system. In Section 8, we present the conclu-
sions and direction of our future works. 

2. CHARACTERISTICS OF BIRD SOUNDS 

It is observed that the fundamental frequencies in bird sounds are between 400 Hz 
to 8000 Hz. However, birds on average hear less well than humans or other mammals. 
Birds hear best between about 1000 and 5000 Hz. In most cases, bird sounds can be par-
titioned into two categories, song and call. Songs are differentiated from calls as they are 
normally longer, more complex and contains more musical variations than calls. Most 
songs are produced by male birds. Male birds acquire the ability to produce songs 
through the mimicry of the male parent. Once a bird becomes more mature, the song may 
also become more complex. Females frequently evaluate the health of its mate based on 
the intricacy of the song. The song goes hand in hand with breeding in most bird species 
as the male uses the song to call to the female. The song also serves to protect and mark 
territorial claims by intimidating other birds from encroaching on its territory. Fig. 1 
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shows the spectrogram of an example of bird song. We can see from Fig. 1 that the fun-
damental frequency of a bird song, roughly corresponding to the darkest point at each 
instant, rise and fall across time significantly, so that it sounds like music.  
 

 
Fig. 1. Spectrogram of a bird song produced by Dicrurus aeneus. 

 
 

On the contrary, calls have less musical variation than songs. Calls also tend to be 
shorter than songs. Instead of a mechanism to mate, calls are utilized as alarms or keeping 
the birds a cohesive group. Calls can also indicate a bird’s location. Furthermore, calls 
can function as a tool to express aggression, warning, identification, flocking, hunger 
food source, etc. In a similar vein, species may use calls to indicate a certain predator. 
Some calls can be understood by a variety of species. On the other hand, some young 
birds can use calls to beg for food from their parents. Fig. 2 exemplifies the spectrogram 
of a bird call. We can see from Fig. 2 that there is less rise and fall in the curve of funda-
mental frequency of a bird call, compared to that in a bird song. 
 

 
Fig. 2. Spectrogram of a bird call produced by Pomatorhinus ruficollis. 

 

3. SYSTEM CONFIGURATION 

Fig. 3 shows the proposed bird sound identification system. The basic strategy of our 
system is to use statistical pattern recognition methods to characterize each bird species’ 
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vocalization as parameters and then determine the possible bird species in a test sound 
recording by evaluating it with the parameters. It thus operates in two phases, training and 
testing. 
 

Sound Data of the 
i-th Bird Species

Training

Testing

Unknown
Sound 

Recording

Manual 
Call/Song 

Classification

Timbre-based Feature Extraction

Pitch-based  Feature Extraction

Timbre-based Feature Extraction

Pitch-based  Feature Extraction

CTλi

CPλ i

STλ i

SPλ i

Automatic 
Call/Song 

Classification

Calls

Songs

Calls

Songs

CT
1λ

CT
2λ CTλN

CP
1λ

CP
2λ

CPλN

ST
1λ

ST
2λ STλN

SP
1λ

SP
2λ

SPλ N

Decision

)]λ|logPr( )1(        

)λ|logPr( [maxarg

CPP

CTT

1

i

i
Ni

S

X

X

α

α

−+

=
≤≤

Bird 
Species 

S

Decision

)]λ|logPr( )1(         

)λ|logPr( [maxarg

SPP

STT

1

i

i
Ni

S

X

X

α

α

−+

=
≤≤

Bird 
Species 

S

Song Identifier

Call Identifier

Song Modeling

Call  Modeling

Timbre-based Modeling

Pitch-based Modeling

Timbre-based Modeling

Pitch-based Modeling

Timbre-based Matching

Pitch-based Matching

Timbre-based Matching

Pitch-based Matching

Timbre-based 
Feature XT

Pitch-based 
Feature XP

Timbre-based 
Feature XT

Pitch-based 
Feature XP

1 i N

 
 

Fig. 3. The proposed bird sound identification system. 
 
 

In the training phase, the system takes as input a number of sound samples and pro-
duces as output a set of parameters for each bird species. Recognizing that the acoustic 
characteristics of a bird species’ calls and songs are largely different, we propose 
representing each bird species’ sounds as two parts of parametric models, one for calls 
and the other for songs. Thus, the system begins with a manual call/song classification. 
After that, the timbre and pitch features of each bird species’ calls and songs are extracted 
and modeled separately as four parametric models. 

In the testing phase, the system takes as input an unknown sound recording, and 
produces as output the possible bird species in the recording. It begins with an automatic 
call/song classification. If the sound is classified as a call, it is then handled by a call 
identifier in the second stage; otherwise, it is handled by a song identifier. Each of the 
two identifiers evaluates the timbre and pitch features of the sound recording by matching 
them with the parametric models generated in the training phase. The resulting likelih-
oods after the matching are then combined to serve as the basis of decision. According to 
the maximum likelihood decision rule, the call identifier decides an unknown sound re-
cording in favor of bird species S when the condition in Eq. (1) is satisfied: 
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where N is the number of bird species, )λ|Pr( CTT
iX  is the likelihood of timbre feature 

XT with respect to the i-th bird species' call timbre model CTλi , )λ|Pr( CPP
iX  is the like-

lihood of pitch feature XP with respect to the i-th bird species' call pitch model CPλ i , and 
α is a tunable weight. Similar operation is performed in the song identifier, if the sound 
recording is classified as a song. 

It is worth noting that when α = 1, our system degenerates to that using timbre-based 
features solely. Such a system could serve as a baseline system for performance compar-
ison purposes, as most of the existing bird sound identification methods are based on this 
framework. In addition, it is also worth comparing the systems with and without call/song 
classification as a front-end processor. In Section 7, the benefit of the call/song classifica-
tion for bird sound identification can be observed from our experiment results. 

4. TIMBRE-BASED ANALYSIS 

4.1 Timbre-based Feature Extraction 
 

Among the timbre-based features investigated in [2], Mel Frequency Cepstral Coeffi-
cients (MFCCs) feature [8] is found superior to the others in bird sound identification. As 
MFCC is derived from human auditory model, the use of MFCC for bird sound identifi-
cation is motivated by simulating human perception in listening to bird sounds. General 
speaking, an ornithologist can well distinguish one bird species from another based on 
their sounds, and hence, it would be a reasonable goal for machine design to imitate the 
ability of human in bird sound identification.  

To compute MFCCs, a waveform signal is first divided into frames by using a 
P-length sliding Hamming window, with 0.5P-length overlapping between frames. Every 
frame then undergoes Hamming windowing and fast Fourier transform (FFT) with size J. 
Next, each frame is passed through a set of triangular filter banks, equally spaced on a 
Mel scale. Let |At,j| denote the signal’s magnitude with respect to FFT index j in frame t, 
where 1 ≤ j ≤ J. Then, MFCC 
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where B is the total number of the filter banks, lb is the lowest frequency index in the b-th 
bank, ub is the highest frequency index in the b-th bank, and Tb(j) is the response of the 
b-th bank. Briefly, MFCCs represent the short-term power spectrum of a sound, based on 
a linear cosine transform of a log power spectrum on a nonlinear mel scale of frequency.  

In addition, to capture the dynamic information reflected in the timbres of bird sounds, 
we compute the delta MFCCs. Each delta MFCC vector is then concatenated with its 
concurrent MFCC to form a unified vector. 

 
4.2 Timbre-based Modeling 
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To capture the collective sound characteristics of each bird species, all the 
MFCC-based vectors of each bird species’ calls or songs are pooled together to form a 
Gaussian mixture model (GMM) [9]. It is assumed that each bird species calls or songs 
have its own timbre pattern that reflects in the distribution of the MFCC-based vectors 
over a span of time. A GMM approximates the static timbre patterns by a mixture of 
Gaussian densities. Note that the reason for why we capture the static timbre patterns 
rather than dynamic timbre patterns using hidden Markov models (HMMs) [10] is to 
prevent the resulting models from the dependence on bird individuals or bird messages.  

The parameters of a GMM consist of means, covariances, and mixture weights, 
which are commonly estimated using Expectation-Maximization (EM) algorithm [11]. 
However, recognizing that the amounts of each bird species' sound samples for training 
may not be always sufficient, we use GMM-MAP approach [12] to generate each bird 
species’ call GMM or song GMM. Specifically, all the MFCC-based vectors of all the 
bird species are first pooled together to form a universal GMM using EM algorithm. 
Then, parameters of the universal GMM are modified with respect to each bird species 
using the MFCC-based vectors of the individual bird species’ calls or songs based on 
maximum a posterior (MAP) estimation. For computational efficacy, only mean vectors 
are adapted in this work. If there are N bird species to be identified, we generate N call 
GMMs, CTCT

2
CT
1 λ,,λ,λ N… , and N song GMMs, STST

2
ST
1 λ,,λ,λ N… . 

 
4.3 Timbre-based Matching 
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where K is the number of mixture Gaussian components; CT
,kiw , CT

,kiμ , and CT
,kiC  are the 

k-th mixture weight, mean, and covariance of GMM CTλ i , respectively; and prime (′) 
denotes the vector transpose. If the unknown bird sound recording is classified as a song, 
then the system computes the likelihood )λ|Pr( STT

iX  for each song GMM STλ i  in a 
similar way as Eq. (3). 

5. PITCH-BASED ANALYSIS 

5.1 Pitch-based Feature Extraction 
 

As bird sounds are often regarded as music, it is reasonable to assume that each bird 
species has its own pitch pattern that can be exploited to distinguish from other species. 
Pitch is the reciprocal of fundamental frequency, and hence a bird sound recording can be 
viewed as a sequence of fundamental frequencies. We can then model the variations of 
the fundamental frequencies to characterize each bird species' sounds. However, consi-
dering that the estimation of fundamental frequency is prone to numerical errors, we use 
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MIDI note numbers instead of fundamental frequencies to explore the pitch information 
in bird sounds. The MIDI note numbers can be treated as the non-linear quantization of 
fundamental frequencies, and hence can absorb the numerical errors during the estimation 
of fundamental frequencies.  

Let em, 1 ≤ m ≤ M, be the inventory of possible notes produced by a bird. Our aim is 
to determine which among the M possible notes is most likely produced at each instant in 
a bird sound recording. We apply the strategy in [13] to solve this problem. First, the bird 
sound is divided into frames by using a P-length sliding Hamming window, with 
0.5P-length overlapping between frames. Every frame then undergoes a Fast Fourier 
Transform (FFT) with size J. Let xt,j denote the signal’s energy with respect to FFT index 
j in frame t, where 1 ≤ j ≤ J, and xt,j has been normalized to the range between 0 and 1. 
Then, the signal’s energy on m-th note in frame t can be estimated by 
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where ⎣ ⎦  is a floor operator, F(j) is the corresponding frequency of FFT index j, and U(⋅) 
represents a conversion between the FFT indices and the MIDI note numbers. Eq. (5) 
reflects that human perception of musical intervals is approximately logarithmic with 
respect to fundamental frequency, and the notes of the scale is perceived as repeating 
once per octave containing 12 semitones. In addition, the fundamental frequency of 440 
Hz, which refers to as the "standard pitch" or modern "concert pitch", is assigned the 
number 69 in MIDI.  

Ideally, if note nm is sung in frame t, the resulting energy, mtx ,ˆ , should be the maxi-
mum among Mttt xxx ,2,1, ˆ,...,ˆ,ˆ . However, it is sometimes the case that the energy of a true 
note is smaller than that of its harmonic note. To avoid the interference of harmonics in 
the estimation of true notes, we use the strategy of Sub-Harmonic Summation (SHS) [14], 
which computes a value for the “strength” of each possible note by summing the signal’s 
energy on a note and its harmonic note numbers. Specifically, the strength of note nm in 
frame t is computed using  
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where C is the number of harmonics considered, and h is a positive value less than 1 that 
discounts the contribution of higher harmonics. The result of summation is that the true 
note usually receives the largest amount of energy from its harmonic notes. Thus, the true 
note in frame t can be determined by choosing the note number associated with the larg-
est value of the strength. However, recognizing that a note usually lasts several frames, 
the decision could be made by including the information from neighbor frames. Specifi-
cally, we determine the sung note in frame t by choosing the note number associated with 
the largest value of the strength accumulated for adjacent frames, i.e., 
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Further, the resulting note sequence is refined by taking into account the continuity 
between frames. This is done with median filtering, which replaces each note with the 
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local median of notes of its neighboring ±W frames, to remove jitters between adjacent 
frames. In the implementation, the range of em is set to be 67 ≤ em ≤ 120, corresponding 
to fundamental frequency from to 392 to 8591 Hz. Fig. 4 and Fig. 5 show the MIDI note 
sequences of the bird sounds in Fig. 1 and Fig. 2, respectively, where the note estimated 
in each frame is plot with a dot. We can see from Fig. 4 and Fig. 5 that the resulting 
curves of the sequences roughly correspond to the tracks of the dark regions in the spec-
trograms of Fig. 1 and Fig. 2.  

 

 
Fig. 4. The note sequence of the bird sound in Fig. 1. 

 
Fig. 5. The note sequence of the bird sound in Fig. 2. 

 
5.2 Pitch-based Modeling 
 

We use bigram model [15] to capture the dynamic information in the note sequences 
of bird sounds. The bigram model consists of a set of bigram probabilities and unigram 
probabilities. The bigram probabilities Pr(ej|ei), 1 ≤ i, j ≤ M, accounts for the frequency of 
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a certain note ei followed by another note ej, while the unigram probabilities Pr(ei) ac-
counts for the frequency of occurring a certain note ei. It is assumed that each bird species 
has its own pitch pattern that reflects in the frequency of occurrence of one or a pair of 
notes. For N bird species to be identified, we generate N call bigram mod-
els, CPCP

2
CP
1 λ,,λ,λ N… , and N song bigram models, SPSP

2
SP
1 λ,,λ,λ N… . 

 
5.3 Pitch-based Matching 
 

In the testing phase, if an unknown bird sound recording is classified as a call, then 
the system computes its note sequence },,,{ PP

2
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call bigram model CPλ i , 1 ≤ i ≤ N. The results of testing are likelihoods:  
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If the unknown bird sound recording is classified as a song, then the system computes the 
likelihood )λ|Pr( SPP

iX  for each song bigram model SPλ i
 in a similar way as Eq. (8). 

6. CALL/SONG CLASSIFICATION 

The proposed call/song classification also uses timbre- and pitch-based features to 
determine which between call or song an unknown test sound recording belongs to. Fig. 6 
shows the block diagram of the call/song classification. In using timbre-based features, 
our basic strategy is to build a statistical classifier, in analogous to that described in Sec. 
4. First, all the training sound recordings are converted into MFCC-based vectors. Then, 
vectors belonging to call are pooled together to form a call GMM ΛCT, while vectors be-
longing to song are pooled together to form a song GMM ΛST. When testing an unknown 
sound recording, we compute Pr(XT |ΛST) and Pr(XT |ΛCT), where XT is the MFCC-based 
vectors of the test sound recording. 

In using pitch-based features, we build a statistical classifier, in analogous to that de-
scribed in Sec. 5. First, all the training sound recordings are converted into MIDI note 
sequences. Then, sequences belonging to call are pooled together to form a call bigram 
model ΛCP, while sequences belonging to song are pooled together to form a song bigram 
model ΛSP. When testing an unknown sound recording, we compute Pr(XP |ΛSP) and 
Pr(XP |ΛCP), where XP is the note sequence of the test sound recording.   

Then, the test sound recording is determined as either call or song using 
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where τ1 and τ2 are tunable weights. 
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Fig. 6. Block diagram of the call/song classification. 

 

7. EXPERIMENTS 

7.1 Bird Sound Data 
 

The bird sound data used in this study stem from commercial CDs and websites listed 
in Table 1. To facilitate the experiments, all the sound data were converted into PCM 
WAV with 22.05-kHz‡ sampling rate and 16-bit quantization resolution. We chose 
twenty bird species commonly-seen in the Taipei urban area, including Dicrurus aeneus, 
Dendrocopos canicapillus, Pomatorhinus ruficollis, Stachyris ruficeps, Megalaima oorti, 
Heterophasia auricularis, Hypsipetes madagascariensis, Myiophonus insularis, Otus 
spilocephalus, Dendrocitta formosae, Accipiter virgatus fuscipectus, Caprimulgus affinis 
stictomus, Arborophila crudigularis, Rallina eurizonoides formosana, Amaurornis phoe-
nicurus phoenicurus, Dendrocopos leucotos insularis, Turdus pallidus, Prinia flaviven-
tris sonitans, Regulus goodfellowi, and Parus monticolus insperatus.  

The data were divided into two subsets, training and testing. The amount of sound 
data with respect to each bird species is listed in Table 2. Basically, the training data were 
extracted from the commercial CDs, and the testing data were download from the web-
sites. However, because the amount of some bird species' data is too small to generate 
reliable models, we include a part of data collected from the websites into the training set. 
In other words, the training set consists of bird sounds collected from commercial CDs 

                                                 
‡ 22.05kHz sampling rate is a compromise between high quality and low quality audio. 
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and websites, while the testing set consists of bird sounds collected from websites. The 
amount of each bird species' calls or songs for training is at least 10 phrases but no more 
than 15 phrases. 

 
Table 1 Source of our bird sound data 

CDs or Websites Audio Types 
“Songbirds” CDs published by 
WIND RECORDS CO., LTD. 

44.1kHz Sampling Rate 
16-bit Quantization Resolution CDs 

“Birdwatcher's guide to the Taipei 
region” CDs published by Depart-
ment of Information and Tourism, 

Taipei City Government  

44.1kHz Sampling Rate 
16-bit Quantization Resolution CDs 

Digital Museum of Zoology, National 
Taiwan University 

http://archive.zo.ntu.edu.tw/ 

44.1kHz Sampling Rate 
16-bit Quantization Resolution WAV Files 

Macaulay Library 
http://macaulaylibrary.org/index.do 

Streaming Audio 

National Fonghuanggu Bird Park
 http://www.fhk.gov.tw/ 

Streaming Audio 

 
 

Table 2. The amount of sound data with respect to each bird species 

Index Bird Species 

Total Dura-
tion of Calls 
for Training 

(sec) 

Total Dura-
tion of Songs 
for Training 

(sec) 

No. of 
Calls 
for 

Testing 

No. of 
Songs 

for 
Testing 

1 Dicrurus aeneus 11 49 20 27 
2 Dendrocopos canicapillus 9 45 19 22 
3 Pomatorhinus ruficollis 7 55 22 23 
4 Stachyris ruficeps 8 70 23 37 
5 Megalaima oorti 13 63 25 34 
6 Heterophasia auricularis 10 73 21 31 
7 Hypsipetes madagascariensis 11 43 24 23 
8 Myiophonus insularis 7 47 14 19 
9 Otus spilocephalus 12 37 18 29 

10 Dendrocitta formosae 11 45 17 25 
11 Accipiter virgatus fuscipectus 8 39 19 24 
12 Caprimulgus affinis stictomus 11 35 22 22 
13 Arborophila crudigularis 8 36 17 21 
14 Rallina eurizonoides formosana 13 40 24 24 
15 Amaurornis phoenicurus phoenicurus 9 42 22 22 
16 Dendrocopos leucotos insularis 8 35 16 26 
17 Turdus pallidus 11 45 19 29 
18 Prinia flaviventris sonitans 14 38 23 25 
19 Regulus goodfellowi 13 39 21 28 
20 Parus monticolus insperatus 9 41 17 26 
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7.2 Experiment Results 
 
7.2.1 Evaluation of the call/song classification 
 

Our experiments were first conducted to examine the validity of the automatic 
call/song classification. In the timbre-based feature extraction, we computed 15 MFCCs 
and 15 delta MFCCs from the bird sound data, using a 30-ms Hamming-windowed frame 
with 15-ms frame shifts. The FFT size was set to be 2048, and the number of the MFCC 
filter banks was 24. The settings of framing and FFT were also used in the pitch-based 
feature extraction. In addition, the numbers of Gaussian densities used in ΛCT and ΛST 
were tuned to 128 to obtain the best classification results. Table 3 shows the classification 
accuracy defined by 

. 100%
recordings  testingofnumber  Total

recordings classified-correctly ofnumber  Total%)(in Accuracy  ×=  

We can see from Table 3 that the call/song classification using pitch-based features solely 
(i.e., τ1 = 0, τ2 = 1) performs slightly better than that using timbre-based features solely 
(i.e., τ1 = 1, τ2 = 0). When combining the timbre-based and pitch-based features properly, 
i.e., τ1 = 0.32, τ2 = 0.68, the performance of the call/song classification can be improved 
noticeably to 96.7%. 
 
 

Table 3. Accuracies of the automatic call/song classification. 
(τ1, τ2) in Eq. (10) (1,0) (0.32,0.68) (0,1) 

Accuracy 93.1 96.7 94.3 
 
 
7.2.2 Evaluation of the bird sound identification 
 

Next, we evaluated the performance of the proposed bird sound identification system, 
based on the results of the automatic call/song classification with (τ1, τ2) = (0.32,0.68). 
The numbers of Gaussian densities used in the universal GMM and each bird species 
GMM were tuned to 64 to obtain the best identification results. Fig. 7 shows the identifi-
cation accuracy defined as the percentage of the correctly-identified recordings in the 
total testing recordings. 

 We can see from Fig. 7 that the bird sound identification using timbre-based features 
solely (i.e., α = 1) performs much better than that of using pitch-based features solely (i.e., 
α = 0). Despite the inferiority of the pitch-based sub-system, it can be observed from Fig. 
5 that when combining the timbre-based and pitch-based features properly, i.e., α ≥ 0.65, 
the performance of the bird sound identification is better than that of using each features 
solely. When α = 0.85, the best accuracy achieved with our bird sound identification sys-
tem is 90.4%.  
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Fig. 7. Accuracies of the proposed bird sound identification system. 
 

 
 
 

Table 4 shows the confusion matrix of the identification for the case of α = 0.85. We 
can see from Table 4 that the system performs worst in identifying bird species index 16 
(Dendrocopos leucotos insularis), which mis-identifies a large proportion of the sounds 
of bird species index 16 as bird species index 2 (Dendrocopos canicapillus). This is 
mainly because Dendrocopos leucotos insularis and Dendrocopos canicapillus belong to 
the genus of woodpeckers and their sounds are relatively similar to each other, compared 
to the other bird species. On the other hand, our further analyses found that the 
mis-identification occurs slightly more frequently in testing bird sounds from streaming 
audio, mainly out of its inferior quality. 

Next, we verified the benefit of call/song classification for bird sound identification. 
As shown in Fig. 8, we built a baseline bird sound identification system without using 
call/song classification. In the training phase, all the training data of each bird species, 
regardless of calls and songs, were pooled together to form two stochastic models, tim-
bre-based GMM and pitch-based bigram model. In the testing phase, a decision similar to 
Eq. (1) was made by picking the maximum of the weighted sum of the timbre-based like-
lihoods and pitch-based likelihoods. The identification accuracies obtained with the base-
line system are shown in Table 5. Comparing Fig. 8 and Table 5, we can see that the 
proposed bird sound identification system is superior to the baseline system, where the 
former achieves the best accuracy of 90.4% and the latter achieves the best accuracy of 
78.6%. These results indicate the necessity of distinguishing calls from songs prior to bird 
sound identification. 
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Table 4. Confusion matrix of the identification for the case of α = 0.85. 

  Hypothesized Index 
  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 
 1 98.7 

0.0 0.0 0.0 0.0 1.3 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 2 4.7 81.8 
0.0 2.7 0.0 0.0 0.0 0.0 0.0 1.3 1.9 0.0 0.0 0.0 0.0 7.6 0.0 0.0 0.0 0.0 

A 3 0.0 0.0 87.9 
1.9 0.6 0.0 0.0 0.0 1.9 7.6 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

c 4 13.4 0.0 0.0 82.9 
0.0 1.2 2.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

t 5 0.0 0.0 5.9 0.0 94.1 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

u 6 0.0 0.0 0.0 0.0 0.0 100 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

a 7 3.2 0.0 0.0 0.0 0.0 0.0 96.8 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

l 8 0.0 0.0 0.0 0.0 0.0 0.0 8.0 92.0 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

 9 0.0 0.0 9.0 0.0 0.0 0.0 0.0 0.0 91.0 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

I 10 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

n 11 5.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 94.1 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

d 12 14.8 0.0 0.0 0.0 0.0 0.0 12.6 0.0 0.0 0.0 0.0 72.6 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

e 13 0.0 0.0 8.4 0.0 0.0 0.0 0.0 0.0 0.0 15.1 0.0 0.0 76.5 
0.0 0.0 0.0 0.0 0.0 0.0 0.0 

x 14 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100 
0.0 0.0 0.0 0.0 0.0 0.0 

 15 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 100 
0.0 0.0 0.0 0.0 0.0 

 16 0.0 19.2 0.0 0.0 1.0 0.0 4.9 3.1 0.9 0.0 0.0 0.0 0.0 0.0 0.0 70.9 
0.0 0.0 0.0 0.0 

 17 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 2.2 95.6 
0.0 0.0 0.0 

 18 1.8 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.8 0.0 0.0 0.0 0.0 0.0 0.0 96.5 
0.0 0.0 

 19 4.4 2.2 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 93.5 
0.0 

 20 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 21.7 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 78.3 
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Fig. 8. A baseline bird sound identification system without using call/song classification. 
 
 
 

Table 5. Accuracies of the baseline bird sound identification system without using 
call/song classification. 

α in Eq. (1) 1.0 0.89 0.0 
Accuracy 75.5 78.6 54.7 

 
 



BIRD SPECIES IDENTIFICATION BASED ON TIMBRE AND PITCH FEATURES 

 

15

 

In addition to the above baseline system using MFCCs and GMMs, we have also im-
plemented a bird sound identification system proposed in [4] for the performance com-
parisons. The system uses the so-called descriptive parameters including spectral centroid, 
signal bandwidth, spectral roll-off frequency, spectral flux, spectral flatness, minimum 
frequency, maximum frequency, zero crossing rate, and short time energy. The means and 
variances of these parameters are then computed and concatenated with MFCCs and delta 
MFCCs into 43-dimensional feature vectors. After that, principal component analysis 
(PCA) is applied to reduce the dimensionality of the feature vectors to 30. The feature 
vectors of each bird species' sound are then characterized by means of hidden Markov 
models (HMMs) with mixture Gaussian densities. However, such a system does not per-
form call/song classification. Table 6 shows the identification results with respect to dif-
ferent numbers of states and mixture components used in each HMM. We can see from 
Table 6 that the best accuracy achieved with such a system (proposed in [4]) is 83.6%, 
when 3 states and 16 mixture components are used. Compared to the case of α = 1.0 
shown in Table 5, we can see that if no call/song classification is performed, the system in 
[4] gains better identification accuracy from 75.5% to 83.6%, mainly owing to the addi-
tion of the descriptive features. In addition, compared to the case of α = 0.89 shown in 
Table 5, we can see that accuracy of 83.6% achieved with the system in [4] is even better 
than that of 78.6% achieved with the combination of timbre and pitch features. 

To gain insight into the validity of the proposed bird sound identification system, we 
further compared the performance of our system with that in [4], under the condition that 
the call/song classification is included as a front-end process§ in both two systems. Table 
7 shows the identification results with respect to different numbers of states and mixture 
components used in each HMM of the system in [4]. We can see from Table 7 that when 
the call/song classification is performed as a front-end process, the best accuracy 
achieved with the system in [4] can be boosted from 83.6% to 87.8% (at the case of using 
3 states and 8 mixture components). However, compared to the accuracy of 90.4% ob-
tained with our proposed system using both timbre and pitch features, the descriptive- 
feature-based system shows its limitation in identifying bird species. We speculate that 
this limitation might be due to a certain overfitting on the training data. When bird sounds 
are classified into call and song categories, the descriptive features capture very detailed 
timbre characteristics of each category from the training data, but may weaken the mod-
els' generalization ability on handling the diverse timbre patterns in the testing bird 
sounds. On the contrary, our rough analysis found that the pitch patterns within a bird 
species are less diverse than the timbre patterns within a bird species; therefore, call/song 
classification is particularly advantageous to a pitch-based system when trying to improve 
the bird species modeling. Fig. 9 shows two call sound waveforms, spectrograms and the 
MIDI sequences produced by two birds of Pomatorhinus ruficollis. We can see from Fig. 
9 that the two birds' calls differ significantly in their waveforms and spectrograms, but 
both of their MIDI note sequences tend to be a flat curve in most of time. This implies 
that pitch patterns contain much consistent information across same-species birds. The 
results also indicates that timbre features alone are not sufficient to achieve an accurate 
bird sound identification system. Incorporating with pitch-based features is a necessity to 
achieve this goal.   

                                                 
§ Note that the original system proposed in [4] does not include call/song classification. 
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Table 6. Accuracies of the bird sound identification system proposed in [4]. 

No. States 
No. Mixture Components 

4 8 16 32 64 
1 75.4 78.6 79.4 81.8 81.2 
2 79.7 81.7 83.1 82.3 80.4 
3 81.1 82.9 83.6 83.1 79.3 
4 82.6 83.4 82.8 82.2 79.1 
5 82.9 83.2 81.9 80.8 78.5 

 
Table 7. Accuracies of the bird sound identification system proposed in [4], with the 

call/song classification included as a front-end process. 

No. States 
No. Mixture Components 

4 8 16 32 64 
1 76.4 79.7 81.9 82.7 82.2 
2 81.8 84.9 86.3 84.4 81.8 
3 85.9 87.8 87.1 85.2 81.5 
4 84.6 85.1 84.7 84.3 81.2 
5 83.3 84.0 83.1 81.7 78.6 

 

 
Fig. 9. Calls of two birds of Pomatorhinus ruficollis, where (a) and (d) are the waveforms; 

(b) and (e) are the spectrograms; and (c) and (f) are the MIDI note sequences. 
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8. CONCLUSION 

We have investigated the methods of automatic bird sound identification system. Consi-
dering bird vocalization can be generally divided into two categories, namely call and 
song, the proposed system is built upon a two-stage identification framework. The first 
stage performs call/song classification. If an unknown sound clip is classified as a call, it 
is then handled by a call identifier in the second stage; otherwise, it is handled by a song 
identifier. Both identifiers use two acoustic features, timbre and pitch, to determine which 
of the bird species the sound clip belong to. In using timbre features, bird sounds are 
converted into Mel-Frequency Cepstral Coefficients and their first derivatives and then 
analyzed using Gaussian mixture models. In using pitch feature, we convert bird sounds 
into MIDI note sequences and then use bigram models to analyze the dynamic change 
information of the notes. Our experiments, conducted using a database including twenty 
common bird species in the Taipei urban area, showed that the proposed system can 
achieve 90.4% accuracy, which outperforms the system in [4]. 

The novelty and contribution of this work can be summarized in the following three 
aspects. 1) In contrast to the existing studies, which tackle the bird sound identification 
only from the perspective of timbre-based analysis, this work proposes a new attempt to 
use both timbre and pitch features for bird sound identification. 2) In contrast to the con-
ventional pitch-related analysis used in audio signal processing, which converts waveform 
signals into pitch values or fundamental frequencies, this work proposes converting 
waveform signals into MIDI note sequences. The advantage of using MIDI note repre-
sentation is that the notes are separated in a logarithmic scale, making them melodically 
meaningful and less sensitive to the pitch estimation error, compared to the linear fre-
quency scale. For example, both frequencies, 624 Hz and 625 Hz correspond to identical 
MIDI note number 76. Such a tolerance for the pitch estimation error is advantageous 
when attempting to characterize the melodic contour of a bird sound. 3) An automatic 
call/song classification method is proposed to further improve the performance of the bird 
sound identification. 

Despite the potential, the performance of the proposed bird sound identification sys-
tem still leaves much room to improve. In the future, we will try to exploit more other 
characteristics of bird sounds in the design of our identification system. In particular, 
more work is needed in studying other pitch-based features. In doing so, it would be a 
promising direction to decompose bird sounds into pitch height and chroma components. 
Some mathematical framework based on chromagram design, e.g., [16], may be applied 
here to capture the characteristics of bird sound pitch in the vertical and angular dimen-
sions. It is believed that the proposed system should be easily adapted when other more 
sophisticated features are plugged in to replace or work with MFCCs. In addition, we will 
scale up our sound database to hundreds or thousands of bird species to further validate 
the proposed identification system. 
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