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, , 90.28%.
; ; ;MFCC(mel-frequency cepstral coefficient)
: TP391 CA
Internet (media streaming) , Internet
[1.2] S Y
[2] (self-organizing mapping, SOM)
Muscle Fish Erling Wold B3l
, (loudness) (pitch) (brightness) (harmonicity)
(nearest neighbor, NN) Mahalanobis .
16 409 . [3] Muscle Fish J [4~6]
. , [4] 12 MFCC ,
(maximum mutual information, MMI) ,
, [5,6] (nearest feature line, NFL) (support vector
machine, SVM)
: v [779]
( ) ( ) , - [101]]
* : 2001-02-13; : 2001-05-22
(69903006,60073030)
(1974 ), , . ; (1973 ),
(1964 ), , . , CAD/CAM, ; (1939 ),
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OCON(one-class-in-one-network) (hidden Markov model,
HMM) 5 ; - [12]
gamma )
(keyword spotting) (sub-word lattice) 3
113
[7,14~16] / ,
- HMM , (speech)
(music) (speech+music) 3 ,
1
580ms(12 800 ) clip, clip 290ms(6 400 ) , clip
23ms(512 ) Hamming , 11.5ms(256 ) ,
F(w) 3o [ |F’dw,  w=f/2f , E
) ) . clip
D (silence ratio): ,
. =clip [clip .
()] (sub-band energy ratio) : 4 sbi(i=0...3):
[0,w/16] ,[w/16,w/8],[w/8w/4] [w/4,w], SWo,SW1,SW5,SWs, SW, = j |F(w)|2dw ,
wesb;
SWR=SW,/E. .
(3) (bandwidth) :Clip . \
BW = \/ 'fow (w—FC)2|F(w)|2dw /E ) FC(frequency centroid) ) (brightness)
, FC=[TwFoifdw/E. 300HZ~34KHZ ,
22.05kHZ
4 : : (
0.68) , ; ; 0.
(5) : clip 0
(6) (smooth pitch ratio): i 0, i-1
, i J clip
(7) MFCC+AMFCC :MFCC(mel-frequency cepstral coefficient) Mel ,
, Mel , 28],
MFCC ., [4-9] MFCC
) [5] MFCC .
8,12,16,24,64 80 MFCC AMFCC,AMFCC MFCC .
: (PercM FCCO) MFCC (PercMFCCL,L MFCC
). (Perc) (1)~(6) 10 ,MFCC+AMFCC 2*L.
,Perc X, = (X, -p)/5, u 0 ,PercMFCCL
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PereMrccL = L€ @ MECC s1  Percc s=10%1s,  MFCC
S1 S
(S;=>000, L MFCC J, i MFCC
2
HMM (stochastic finite-state automata),
Markov Markov , .HMM
3 :A=(4,B,7), A S, S B T
HMM 3 (1) HMM y) , 0
, P(O|A),0=0,...07 ,T (2 HMM A , 0
(3
53 ' Output j
D (forward) (backward)
) 2 ) i
@ | ragmaxrol) |
Viterbi Beam Search  A* , 3 )
Baum-Welch .Baum-Welch é g %
) , 3/11 4 . .
Speech,Music  Speech+Music 3
left-right DHMM(discrete HMM), 41,4, 4s.Left-Right DHMM
K-Means , AB & Input: 010,03...0r
' Baum-Welch ' a.p.s Fig.1 Classifier structure
) . ! 1
0, P(0)4)(i=1,2,3), 0
»J=agmax(p(o]|4)). 1
3
y 22.050kHZ, 16
350MB, 2 20 , Speech  33.7 Music 72 Speech+Music  34.3 ,
998, Speech:248,Music:497,Speech+Music:253.
HMM ( ) :
HMM, 34 5, 16,24 32, PercMFCCO
, , 4864 72
(leave-one-out cross validation), L, L-1 ,
1 C; (precision)
[15,16] )
o C,‘ = C,’ C,‘ / C,’ ,
b e Ci G /
1 )
(1) PercM FCCL , MFCC L ,
,MFCC
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@) : , ,
, DHMM CHMM ,
(3 (7] , [15,16]
, [15] Speech:81%,Music:70%, :75%, [16]
Speech:75%,Music:89%, :82%. [14] Speech,Music 3 .,
, 90% Music:95.96%, Speech: 88.01%
Speech+Music:81.03%, 90.28%. , [15,16],
[14] , , [7,14~16] , ,
4) 1 ,Music 88% ,Speech 84%~92%, ,
Speech+Music 80% ,  Music  Speech p
, Speech+Music ) ( Speech)
, ( Music) 3
Table1l Experimental results
1
Precision
Feature set Code/state
Music Speech Speech+Music Average
16/5 0.913481  0.866 935 0.837 945 0.882 766
24/3 0.931590  0.854 839 0.810 277 0.881 764
PercMECCO 32/5 0.951710  0.895 161 0.790 514 0.896 794
48/3 0.939638  0.879 032 0.822 134 0.894 790
64/4 0.955734  0.883 065 0.794 466 0.896 794
7214 0.959759  0.883 065 0.810 277 0.902 806
16/4 0.905433  0.842742 0.664 032 0.828 657
PercMFCC8 24/5 0.908 722  0.853 361 0.653 323 0.834 657
32/4 0.913481  0.887 097 0.679 842 0.847 695
16/5 0.899 396 0.838 710 0.703 557 0.834 669
PercMFCC12 2414 0.891348  0.903 226 0.735178 0.854 709
32/5 0.887324  0.919 355 0.790 514 0.870 741
16/5 0.925 553 0.850 806 0.715 415 0.853 707
PercMFCC16 24/5 0.903421  0.895 161 0.731 225 0.857 715
3213 0.907 445  0.943548 0.794 466 0.887 776
16/5 0.933 602 0.907 258 0.758 893 0.882 766
PercMFCC24 2414 0.921529  0.911 290 0.798 419 0.887 776
32/4 0.917505  0.907 258 0.810 277 0.887 776
16/4 0.931590  0.903 226 0.786 561 0.887 776
PercMFCC64 2414 0.915493  0.947 581 0.770 751 0.886 774
32/5 0.945 674 0.919 355 0.786 561 0.898 798
16/4 0.931590  0.911 290 0.774 704 0.886 774
PercMFCC80 2413 0.945674  0.927 419 0.762 846 0.894 790
32/4 0.947 686 0.931 452 0.778 656 0.900 802
} / ,
4
MFCC .HMM ,
, left-right DHMM , Speech,Music Speech+Music
) , Jeft-right
HMM

,Baum-Welch
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, , (maximum mutual information, MMI)
(minimum classification error, MCE) ,
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Automatic Audio Classification by Using Hidden Markov M odel*
LU Jian, CHEN Yi-song, SUN Zheng-xing, ZHANG Fu-yan
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Abstract: As one of the key methods to extract content semantics and structure from audio, automatic audio
classification, especially for a speech and amusic, is valuable for content-based audio retrieval, video summary and
retrieval, and spoken document retrieval, etc. Because hidden Markov model (HMM) can well model audio signal’s
time statistical properties, aleft-right discrete HMM is proposed to classify a speech, a music and their mixed audio.
The experimental results show that HMM is excellent for audio classification, and the optimal classification
accuracy is up to 90.28%.

Key words: content-based audio classification; hidden Markov model (HMM); vector quantisation; mel-frequency

cepstral coefficients (MFCC)
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