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(GBIF) 2001

 2001  (Taiwan 

Biodiversity National Information Network, TaiBNET)

(

) ( )

(species-specific)

 

9,200 456 ( )

18 68
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i-Pod

(music recommendation)

 

 

.  

1.  

1.1  

10 [1]:

(general alarm calls) (specialized alarm calls) (distress calls)

(aggressive calls) (territorial defence calls)

(flight calls) (nest calls) (flock calls)
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(feeding calls) (pleasure calls)

 

[2] (element) (note)

(syllable) (motif)

(phrase) (type)

(bout)  

Kogan Margoliash [3] (dynamic time warpping, DTW)

(hidden Markov model, HMM) DTW

(FFT)  

0.5~10KHz HMM HMM

linear predictive coding (LPC) LPC cepstral coefficients (LPCC) LPC 

reflection mel-frequency cepstral coefficients (MFCC) log mel-filter bank channel linear 

mel-filter bank channel MFCC MFCC

energy) DTW

DTW

(template) DTW HMM

(segmentation)

(labeling) HMM

 

McIlraith Card [4-7] (song 

sparrow fox sparrow marsh wren sedge wren yellow warbler red-winged blackbird)

song element

song element ;

LPC [8] (subband)

(power spectral density) [5-7]

(backpropagation neural networks) 82%

(quadratic discriminant analysis) 93%  

[8]
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(syllable)

 

Anderson [9] DTW

(spectrogram) (constituent)

0.5~10KHz

(indigo bunting) (zebra finch)

97% 84%  

Harma[10]

(weighted sum)

(melody)

(clicks) (rattles)

Harma [11]

150

2000 30000 60%

14% 7%

5-20%

(song structure)

(syllable pair histogram) [12] k-mean

k

DTW(dynamic time warping)
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x i (posterior probability)  
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(bigram value) : 
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i j )(, th ji Pt-1
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tP (product)
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−−=
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1 ||/ PPPPH  

T
1 tt PP − H1 H2

 h1 h2 H1 H2

k h1 h2
2k h1 h2  

2
T
21

T
1

2
T
1

21 ),(
hhhh

hhhh =c  

c(h1, h2) h1 h2 257

235 235

10 30 50 76% 79% 80%  

 Fagerlund Harma (inharmonic)

[13] 10 (Low-level descriptive parameters)

(spectral centroid)

(signal bandwidth) (spectral roll-off frequency) (spectral flux)

(spectral flatness) (frequency range) (zero 

crossing rate) (short time energy) (syllable duration)

(modulation spectrum)
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7

Hilbert

(amplitude envelope) (modulation index)

(dominating frequency) (MFCC)

LDA

(Mahalanobis)

49%

79%

73% 74%  

Somervuo [14] 14

128 3 ms

50% (Hanning window)

0

[ 0 , –� ] (decibel)

(noise, NdB) TdB = NdB/2

12  (

(modulation spectrum 

magnitude) (modulation spectrum frequency)

MFCC 12

(Gaussian mixture model, GMM) (HMM)

 

Trawicki HMM Norwegian Ortolan Bunting

(song-type)[15] 20 a b c d e f g  

h i j k l m n o p r s t u 20

ab cb huf  aaaabb ccccbbb
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hhhuff ab cb cd eb f gb guf h huf jufb Ortolan Bunting

10 100

92.4%

63.6%  

(inharmonic) Selin [16] 8

5 3

Daubechies 

(wavelet packet decomposition, WPD)

2-32 (maximum energy, Em) (position, P)

(spread, S) (width, W)

(1) (supervised multilayer perceptron, MLP) (2)

(unsupervised self-organizing map, SOM)

SOM 78% MLP 96%  

Selouani (Autoregressive time delay 

neural networks, AR-TDNN) 16 (New Brunswick)

[17] Harma[10] 16

482 290 292

(Linear Predictive Coding, LPC)

LPC 20 AR-TDNN

83% 16%  

 

1.2  

1) 2)

3)

[18-21]  
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(short-term features) (long-term feature)  

( )

(timbre) (rhythm) (pitch)

 

(low-energy feature, LEF) (zero-crossing rate) (spectral 

centroid) (spectral bandwidth) (spectral rolloff) (spectral 

flux) (Mel-frequency cepstral coefficients, MFCC)

octave-based spectral contrast, OSC) [22]  

(beat 

histogram)

[23, 24]  

Tzanetakis (pitch histogram)

[25]

[26, 27]

Scaringella

[28]

 

[29] [30-32]  

Meng AR

[29] (diagonal autoregressive model, DAR)

(multivariate autoregressive model, MAR) DAR

AR

AR MAR
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MAR AR

MAR MAR

MAR

Kingsbury

[30] 4

Sukittanon [31]

Shi

[32]

 

Tzanetakis Cook [33]

(hip-hop) (reggae)

(metal)

(choir) (orchestra)

(bigband) (cool) (fusion)

(swing)

West Cox[34]

(heavy metal) (drum) (bass)

(MFCC)

(OSC) ( )

Xu [35] (support 

vector machine, SVM)

(HMM) Esmaili [36]

( (entropy) )

(folk)

93% Bagci Erzin [37]
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13 4

( )

10

30 48

88.6% Umapathy [38] (local discirminant bases, 

LDB) LDB

(wavelet packet 

tree) ( )

LDB 30 15

LDB

LDB

(artificial and natural sound) 91%

 (instrumental and automobile sound) (human and nonhuman)

99% 95%

(drum, flute, and piano) (aircraft and helicopter)

(male and female speech) (animals, birds, and 

insects)  

 

2.  

2.1  

: (Principal 

Component Analysis, PCA) (linear 

discriminant analysis, LDA) :

(PCA transformation) (LDA transformation) (classification)
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2.1.1  

[39-41]

(Two-dimensional cepstrum, TDC) [42-44]

(logrithmic spectra)

(separability)

Training syllable 

Feature 
Database 

Feature 
Extraction 

LDA 

Prototype Vectors 
Generation 

PCA 

Classified Bird 
Species sc 

Test syllable 

Feature 
Extraction 

LDA 
Transformation 

Classification 

PCA 
Transformation 
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 1:  (Framing) 
512

 
 2:   

Ci(m) 10 −≤≤ Lm Ci(m) i m
L L=15  

 3: (DCT) 
CCq(m) Ci(m) : 

      ,10  ,10  ,)/)cos(2(
1

)(
1

0

−≤≤−≤≤= �
−

=
LmMqMiqmC

M
mCC

M

i
iq π  

q M CCq(m)
15×5  

 

 

  
 

Furui [45] (regression 

coefficient)

(LPC)
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 1:  (Pre-emphasis) 
][ˆ][][ˆ 1nsansns −−= , 

s[n] â 0.95  
 2:  (Framing) 

512
 

 3: (DFT) 

  NkenwnxkX
N
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n
N
k
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−
0  ][][][

1

0

2π
 

N xq[n] q n Xq[k] q
k w[n] (Hamming window) n  

Nn
N

n
nw <≤

−
−= 0  ),

1
2

cos(46.054.0][
π

 

 4: (Triangular band-pass filter)  
: 

�
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=
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1

0

)(
K

k
kjj AkE φ Jj ≤≤0  

 5:  
Ei(j) i j
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 6: (Discrete Cosine Transform) 
)(mCi′ : 

,))((log))5.0(cos()(
1

0
10�

−

=

+=′
J

j
ii jaj

J
mmC

π
 10 −≤≤ Lm      

 7:  
)(mCC q′ )(mCi′

: 
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=
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−
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2

1

)/)cos(2(
2

1
)(

M

i
iq MiqmC

M
mCC π ,  

q 21 −≤≤ Mq M )(mCi′

15×5  
 

F(n)

: 

)()(
)()(

)(
minmax
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nFnF
nFnF

nF
−

−
=

∧
, 

)(ˆ nF )(max nF )(min nF n

 

 

2.1.2 (Principal Component Analysis, PCA) 

 [46 ]

PCA

 

PCA eigenvalue

eigenvector eigenvector eigenvalue

eigenvector eigenvalue

eigenvalue eigenvector

eigenvector eigenvector

PCA  
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1  
][XE=m  

X = {xi | i = 0 … N} m
 

2 0 
mxx −= i

'
i  

3 C 

�
=

=
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i

'
i

'
iN 1

T)(
1 xxC  

4 C eigenvalue eigenvector eigenvalue
 

5 T( ) d 
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λλ  

λi i eigenvalue D  
6 d eigenvector  

'
ixEy T=   

E d eigenvector  
 

2.1.3  

(Gaussian mixture model, GMM)

( )

 

 

2.1.3.1  

EM (Expectationn Maximization)

� p(X|�) X = {x(t), t = 1, 2, …, N }

N � � { p(�r), �r, �r | r = 1, 2, …, M} p(�r)
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r (prior probability) �r �r

(covariance matrix) M EM  

 

 1: k-means  
k-means

 
 2: Expectation-step 
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 4:  2 3  
 

2.1.3.2  

GMM

GMM

(overfitting)

GMM  

Cheng (Self-Splitting 

Gaussian Mixture Learning, SGML) GMM [47]
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GMM GMM

GMM

(vector quantization, VQ) GMM

Nishida Kawahara[48]

(GMM )  

 

A. (Bayesian Information Criteria, BIC) 

(maximum likelihood)

(penalty) (likelihood criterion)

 

NdppBIC log)(
2
1

) ),(|(log) ,( ⋅Θ−ΘΘ≡Θ αXX , 

X X = {x(t) ; t = 1, 2, …, N} N �

GMM p(�)

GMM � (penalty weight) d(�) GMM

(GMM )

 

 

B.  

Nishida Kawahara[48] GMM

GMM EM

” ”(extended VQ, EVQ)

GMM GMM

GMM

GMM

GMM BIC  
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,log)12(
2
1

)|(log NdMpBIC GMMGMM +−Θ= X   

M GMM d 1 EVQ

BIC  

,log)1(
2
1

)|(log NdMpBIC EVQEVQ +−Θ= X  

,
1

)(
M

p EVQ =θ  

,
1

1
�

=
Σ=Σ

M

i
GMMEVQ iM

 

iGMMΣ GMM i  

 

C. (Self-Splitting Gaussian Mixture 

Learning, SGML) 

SGML GMM

BIC BIC

GMM BIC

BIC GMM GMM

X = {x(t); t = 1, …, N } w = 

{ )( rp θ , rθ | r = 1, 2, …, bestNum} )( rp θ r

rθ = {�r ,�r} r

SGML  

 

 1:  (Initialization) 

 
SRange = 5; 
compoNum = 1; 
w = { )( 1θp , 1θ = {�1 , �1}}; 
BIC_set(1) = BIC(GMM1, X);  
GMM_set(1) = w; 
SRange BIC

compoNum GMM )( 1θp = 1, �1

�1 BIC_set(compoNum)
compoNum GMM BIC

GMM_set(compoNum) GMM  
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 2:  (Data Clustering) 
GMMcompoNum

 
for i = 1, 2, ..., compoNum 

EM_clusterr =φ  
for t = 1, 2, ..., N 

)};(|({maxarg
compoNum1

tpj r
r

xθ
≤≤

=  

EM_clusterj = EM_clusterj x(t);  // x(t) EM_clusterj   
 3:  (Splitting) 

BIC
�BIC21 = BIC(GMM2, EM_clusterr) – BIC(GMM1, EM_clusterr)

compoNum1 ≤≤ r �BIC21

 
)};_({maxarg 21

1
r

compoNumr
clusterEMBICwhichSplit ∆=

≤≤
 

EM_clusterwhichSplit �BIC21  
} ),({ }, ),({ 222111 θθθθ p�p� ==  

} , , ,{ 2211 ����=Θ  
 

p( �1) = p( �2) = p(�whichSplit) / 2; 
w = w \ { p(�whichSplit), �whichSplit };  // w �whichSplit  
w = w { �1 , �2 };              // w  
compoNum = compoNum + 1;    // GMM 1 

 4: EM  (Global EM learning) 
GMM w EM GMM

 
GMM_set(compoNum) = w; 

GMM BIC  
BIC_set(compoNum) = BIC(w, X); 

( compoNum SRange ) ( BIC_set(compoNum-SRange)
)  

bestNum = compoNum – Srange; 
w = GMM_set(bestNum); 

SGML ;  2-4  
 

GMM

 

 

2.1.4 (Linear Discriminant Analysis, LDA) 
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[46]

(transformation 

matrix) n d nd ≤

 Fisher criterion FJ

: 

))()(()( ASAASAtrAJ B
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W
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WS BS (within-class scatter matrix)
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jn j : 

   �
=

−−=
C

j

T
jjjB nS

1

))(( �� µµ  

µµµµ

(transformation matrix) optA
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B
1

W SS − (eigenvectors) optA d

d (eigenvalue) (

-1) d  
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j
T
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2.1.5  

x

(Euclidean distance)

C b

  

�
�
��

�
�=

≤≤≤≤
) ,(minminarg

11
k,iMiCk

db
k

�x   

x Mk k �k,i k

i  

 

2.2  

:

:  

 

2.2.1  

(MMFCC) (MOSC) MPEG-7

(MNASE)

(OSC) MPEG-7

(NASE)  

 

2.2.1.1 (OSC) 
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(harmonic) (non-harminic)

 

(octave scale band-pass filter) 

(xb,1, xb,2, …, 

xb,Nb) b Nb b

xb,1 ≥ 

xb,2 ≥ … ≥ xb,Nb b  

),
1

log(
1

,�
=

=
bN

i
ib

b
b x

N
Peak

α

α
 

),
1

log(
1

1,�
=

+−=
b

b

N

i
iNb

b
b x

N
Valley

α

α
 

α ( α = 0.2) b  

.bbb ValleyPeakSC −=  

(Peakb, 1 ≤ b ≤ 8) (SCb, 1 ≤ b ≤ 

8)

 

 

  (Sampling rate = 44.1 kHz) 
Subband Low Frequency (Hz) High Frequency (Hz) 

1 0 100 
2 100 200 
3 200 400 
4 400 800 
5 800 1600 
6 1600 3200 
7 3200 6400 
8 6400 12800 
9 12800 22050 

 

2.2.1.2  MPEG-7 (NASE)  

 MPEG-7
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(audio spectrum envelope, ASE) MPEG-7

[49, 50] loEdge (

62.5Hz) hiEdge ( 16000Hz) loEdge hiEdge

B (octave) 1000Hz

[loEdge, hiEdge]  B = 8/r r

1/16 8  

3   4-  octaves, 2 ≤≤= jr j  

r 1/2 B = 16 (fedge)

 

10002 ×= rm
edgef  

m 0Hz loEdge

hiEdge  (B+2) 

fedge  

 

 

 (  r = 1/2) 
 

NASE MPEG-7 ASE

NASE

NASE NASE

( )  

 

 1: (Hamming windowing)  

,10  ),
1

2
cos(46.054.0][ −≤≤

−
−= wNn

N
n

nw
π

 

   Nw  
 2: (FFT)  

62.5 

125 250 500 1K 2K 4K 8K 

16K 
loEdge hiEdge 

88.4 176. 353. 707. 1414 2828 5656 1131

1 coefficient 16 coefficients 1 coefficient 
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 3: ASE 

 

 2/,0  ,][
1

)(
2

NkkX
EN

kP
w

=
×

=  

 2/0  ,][
2

)(
2

NkkX
EN

kP
w

<<
×

=  

 

 �
−

=

=
1

0

2][
wN

n
w nwE  

 

( ) 10  ,)( +≤≤= �
=

BbkPbASE
b

b

hiK

loKk
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 10  )),((log10)( 10 +≤≤= BbbASEbASEdB  
 4: NASE 

RMS R  

 10  ,))((()(
1

0

2 +≤≤= �
+

=

BbbASEbR
B

b
dB  

ASEdB NASE  

 10  ,
)(

)(
)( +≤≤= Bb

bR
bASE

bNASE dB  

 

 

 NASE  
 

Input frame 

Hamming Windowing 

FFT 

ASE 

ASE normalization 

NASE coefficients 
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2.2.1.3 (modulation spectral analysis) 

( )

(running spectrum)

 

Wada (modulation spectrum control, MSC)

[51]

 

(spectrum subtraction, SS)

( SNR )

SS

y(t) : 

)()()()()(
))()(()()(

fNfHfXfHfY

tntxthty

+=
+⊗=

 

x(t) h(t) n(t) H(f)N(f)

SS

SS

 

)(log)(log)()(log)(log fHfXfHfXfY +==  

H(f)

SS (power spectrum) DC CMS

(logarithmic power spectrum) DC MSC

SS MSC  

Kanedera [52, 53] 0 40

1 16

Vuuren Hermansky[54]

0 1
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0.5 1

0.5 16  

OSC NASE

( )

 

 

  
Modulation Frequency Band Modulation frequency interval (Hz) 

0 [0, 0.5) 
1 [0.5, 1) 
2 [1, 2) 
3 [2, 4) 
4 [4, 8) 
5 [8, 16) 
6 [16, 32) 
7 [32, 64) 

 

xn = [xn(1), xn(2), …, xn(D)]T n

n FFT OSC NASE MFCC

W FFT

 

      ,0   ,0   ,)(),(
1

0

2

)2/( DdWmedxdmM
W

n

k
W
n

j

nWtt <≤<≤=�
−

=

−

+×

π
  

Mt(m, d) t m

J (modulation subband)

(J = 8)

(modulation spectral valley, MSV) (modulation spectral contrast, MSC)

(modulation spectral peak, MSP)  

|),(|max),(
,,

dmMdjMSP
hjlj �m� <≤

=  

|),(|min),(
,,

dmMdjMSV
hjlj �m� <≤

=  

�j,l �j,h j
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),(  ),(),( djMSVdjMSPdjMSC −=  

D×J

(

)

 

T)]1( ),1( ),1( ),1( , ),0( ),0( ),0( ),0([ −−−−= DDuDDuuu row
MSV

row
MSV

row
MSC

row
MSC

row
MSV

row
MSV

row
MSC

row
MSC

row σσσσ �f  

.)]1( ),1( ),1( ),1( , ),0( ),0( ),0( ),0([ T−−−−= JJuJJuuu col
MSV
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MSV

col
MSC

col
MSC
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MSV

col
MSV

col
MSC

col
MSC

col σσσσ �f  

 

  .])(,)[( TTT colrow fff =  

0 1  

)()(
)()(

)(
minmax

min

nfnf
nfnf

nf
−

−=
∧

, 

f(n) n )(ˆ nf fmax(n) fmin(n) n

 

 

2.2.2 (linear discriminant analysis, LDA) 

  ( 2.1.4)  

 

2.2.3  

  ( 2.1.5)  

 

2.2.4 (multiple classifiers fusion)  

( )  

MMFCC MOSC MNASE xMMFCC xMOSC xMNASE

dMMFCC dMOSC dMNASE
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xCOMB  

  xCOMB = [(xMMFCC)T, (xMOSC)T, (xMNASE)T] T 

xCOMB dMCOMB

 

  dMMFCC = dMMFCC + dMOSC + dMNASE + dMCOMB 

 

 

  
 

3.  

3.1  

28

44100 Hz 16 bits

28 3143

646

(TDMFCC)

(DTDMFCC) (SDTDMFCC)

28 PCA 0.9 1.0

ALPCC AMFCC TDMFCC DTDMFCC SDTDMFCC

SDTDMFCC

(EVQ GMM) (Ns) PCA 0.97  

  
AWLDA,MMFCC 

AWLDA,MOSC 

xMNASE AWLDA,MNASE 
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AWLDA,MCOMB 
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yMMFCC 

yMOSC 

yMCOMB Features 
fusion  

CMMFCC 

CMOSC 

CMNASE 

CMCOMB 

dMNASE 
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dMOSC 
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d 

LDA 
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 28  
Bird Name Training Syllable Test Syllable 

 10 4 
 229 37 
 17 25 
 296 29 

 120 22 
 194 57 

 98 14 
 100 37 
 172 15 

 70 8 
 31 31 
 122 53 

 140 14 
 49 12 
 61 24 
 230 18 

 131 30 
 123 27 

 51 8 
 284 45 
 222 27 

 76 12 
 149 34 

 32 16 
 32 18 

 61 14 
 23 10 

 20 5 
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 PCA 0.97 (EVQ
GMM) (Ns) 

Subject 
Code Bird Name CA (%) Ns 

Selected 
Model 

1 Crested Serpent Eagle 100.00 2 EVQ 
2 Bronzed Drongo 86.49 5 EVQ 
3 Gray-headed Pygmy Woodpecker 0.00 1 EVQ 
4 Blue Shortwing 72.41 4 EVQ 
5 Streak-breasted Scimitar Babbler 54.55 3 GMM 
6 Taiwan Firecrest 100.00 3 EVQ 
7 Taiwan Sibia 100.00 6 EVQ 
8 White-throated Laughing Thrush 94.59 3 EVQ 
9 White-breasted Water Hen 100.00 4 EVQ 

10 Beavan's Bullfinch 100.00 3 EVQ 
11 Gray-sided Laughing Thrush 100.00 3 EVQ 
12 Alpine Accentor 71.70 1 EVQ 
13 Green-backed Tit 7.14 5 EVQ 
14 Taiwan Yuhina 100.00 3 EVQ 
15 Red-headed Tit 100.00 2 EVQ 
16 Collared Bush Robin 94.44 9 EVQ 
17 Taiwan Bulbul 83.33 5 EVQ 
18 Taiwan Hill Partridge 88.89 6 EVQ 
19 Verreaux's Bush Warbler 100.00 4 EVQ 
20 Oriental Cuckoo 95.56 3 GMM 
21 Taiwan Tit 96.30 7 EVQ 
22 Vivid Niltava 100.00 5 EVQ 
23 Coal Tit 100.00 4 EVQ 
24 Crested Goshawk 100.00 3 EVQ 
25 Gould's Fulvetta 33.33 1 EVQ 
26 Collared Pigmy Owlet 100.00 1 EVQ 
27 Swinhoe's Pheasant 100.00 3 EVQ 
28 Steere's Liocichla 80.00 3 EVQ 

 

3.2  

2004 (ISMIR2004 Music Genre 

Classification Contest) [55] 1458

729 729

44100 Hz 128 kbps 16 bits

MP3 44100 Hz 16 bits

(Classical) (Electronic) 

/ (Jazz/Blue) / (Metal/Punk) / (Rock/Pop)

(World) 320/320

115/114 / 26/26 /

45/45 / 101/102 122/122  

2004
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50:50

 

  ,
1
�

≤≤
×=

Cc
cc CAPCA  

Pc c CAc c  

(confusion matrix)

(a) (b) (c)

( (d)

) ( (e) )  

 

 C E J M R W 
C 297 0 0 0 4 21 
E 0 90 0 2 5 4 
J 3 0 18 0 0 7 
M 1 4 0 35 22 4 
R 3 12 6 8 64 10 
W 16 8 2 0 7 76 

(a) MMFCC 

 C E J M R W 
C 300 0 0 0 1 13 
E 0 90 1 2 9 6 
J 0 0 21 0 0 4 
M 0 2 0 31 21 2 
R 0 11 3 10 64 10 
W 20 11 1 2 7 87 

(b) MOSC 

 C E J M R W 
C 296 2 1 0 0 17 
E 1 91 0 1 4 3 
J 0 2 19 0 0 5 
M 0 2 1 34 20 8 
R 2 13 4 8 71 8 
W 21 4 1 2 7 81 

(c) MNASE 

 C E J M R W 
C 298 3 0 0 1 8 
E 0 98 0 1 5 5 
J 0 1 20 0 0 2 
M 0 1 0 31 15 1 
R 3 8 3 11 75 16 
W 19 3 3 2 6 90 

                          (d) MCOMB 

 C E J M R W 
C 311 2 0 0 0 10 
E 0 98 0 1 5 3 
J 0 0 20 0 0 2 
M 0 0 0 33 13 2 
R 1 9 3 10 78 12 
W 8 5 3 1 6 93 

(e) MMFCC+MOSC+MNASE+MCOMB   

  
 

 2004

(MMFCC+MOSC+MNASE+MCOMB) (86.83%) 2004

(84.07%)  

 

 2004  
References CA 

Our approach (MMFCC+MOSC+MNASE+MCOMB) 86.83% 
Y. Song et al. [15] 84.77% 
T. Lidy & A. Rauber [12] 79.70% 
E. Pampalk (winner) 84.07% 
K. West (2nd rank) 78.33% 
G. Tzanetakis (3rd rank) 71.33% 
T. Lidy & A. Rauber (4th rank) 70.37% 
D. Ellis & B. Whitman (5th rank) 64.00% 
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