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Speech/Music Signal Classification Based on Spectrum Flux
and MFCC For Audio Coder
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Abstract In this paper, we propose an open-loop algorithm to classify speech and music
signals using the spectral flux parameters and Mel Frequency Cepstral Coefficients(MFCC)
parameters for the audio coder. To increase responsiveness, the MFCC was used as a
short-term feature parameter and spectral fluxes were used as a long-term feature parameters
to improve accuracy. The overall voice/music signal classification decision is made by
combining the short-term classification method and the long-term classification method. The
Gaussian Mixed Model (GMM) was used for pattern recognition and the optimal GMM
parameters were extracted using the Bxpectation Maximization (EM) algorithm. The proposed
long-term and short-term combined speech/music signal classification method showed an
average classification error rate of 1.5% on various audio sound sources, and improved the
classification error rate by 0.9% compared to the short-term single classification method and
0.6% compared to the long-term single classification method. The proposed speech/music
signal classification method was able to improve the classification error rate performance by
9.1% in percussion music signals with attacks and 5.8% in voice signals compared to the
Unified Speech Audio Coding (USAC) audio classification method.
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Fig. 2. The spectral flux of speech and audio signal

S 2 Msel AHER #a} gf

3. GMM B2g 0|83 S4/3% 45
gs
%/0 o U5 $F 970 57 sable L 3

(GMM)-J i:/_—.—E(Log hkehhood) I
sto] AR 97t £ shetilE GMMJ% Xo
E4 miEtE GMMS 742t 550X



N
N
N
rok
Hl
o)l
H
>
P
ojm
=
~
>
J&"
Hn
ﬁ
>
>
rH
>
>
fol

31 GW 2 0jg5t H7t QR AMs 2R

GMM2 L7H9] 7F-AIRMS ghsto] ghEojzl el
2 S3sHAQl ExE HETIo| QojA] ml ot
Aoz Yefdtt. GMM2 2(5)Z B, 1719 &
& 7} B JSAE Foka dARi

L
Pup(x Aul)\) = kZ:]wkbk (z) ®)

EQ A g, b (0)= 84 7F9ARE BE w,

< kA 84 7ReARE #32o] gt 7I5A1E yehd

k
7RAIQE BE by (2) & 20N 2ol ol B
HEQ} 0,9 FEA HELS 2= M9t HEE
ZE=TH7)(12).

F=I~1 i~>

B 1 1 Uy
W)*@L/ﬂz‘kr“m{ S

L9 7FeAIQt SETEghro] A9 2gor &
A= pyplz N E 2
Ak 7ESA]0] Rt kol : 3
709] st & IgolA ALtetA €t &, st
&9 X= {2 .., z,}2 o83l Z S
Ayrs F78%Th
Mp={wpppE) k=1L ?)
GMMY] 852 FHof| $-(Maximum Likelihood)
27 WS ol gatr] GMMO] SEFSE Hrjstels

e A e AT SRS HYesle
e 51 A8l EM(Expectation
Maximization) €12}&S ARS8

o2 AzollA =Y 29z MFCC %}O AxkstaL
9 T gt EA WY g ,0)0S AT
MFCC &% y=HE = 13718 A& E‘r Skaok o
oA =29 247 2He 4159 GMMel MFCC
£4 sjgle] 21 9% 4 ghe vlmstel 243 &
o A52 BEsit 24 Ak, 29 Aok,
2 o], 21 35 8471 2400 2 9ok
§ N5 g At &Aool 2ok AlEE B
S ok (102 BEshE 244, A1)

23 2o} A5 AFT
L
L/llF Zlogpwp(zw( )|)\ ) ®
n=1
’ L
L{‘fF(Z) = Z logpMF(mM( )|>\m) ©
n=1

[fo]F(z') > ngp(i),then C,(i)=Speech (10)
If Ly(i) < L), then C,(i)=Music 1n

oA () i HA T Bk ol SHa
= Uehdt

32 GVM 5 0[23t A7t QLIQ Als B2
77+ 5% steulez DAY AHET Wat st
oeE A8, 7H9A FFUEFLe] Y 2T
o= HolH py(z,N)E 7 Seao] oet B2,
T 7HEX0] B Rl 977 B wjefule
1% 3709) SetelEE ok BAolA masic

feid
5}
MES o]&sto] EM g1EES B 4 A5

i

Agp= {wk,,uk,Z‘k} , k=1,...D (12

Sfef sistol AYE 3 £HED st 8 a-solo}
of B3t 54 e o, (i) FHUE 12 A @A)
\;Ll ﬂﬂ _/_\_l}ﬂEE% tﬂi]. %}\-_j /\lﬂ]EEl Bﬂ§]. E_X] Hﬂ
E1g 74 Sho) Qlojdl ST ot 415e)



QLR HESFI|E

GMME AMgste AHEY wWel e 2 (i) 21
T g %IQ H]JJ-O}Oq =47 2ot A2 s ART
ot 24 AsE),, 29 AlsE)N 2 Yy, 21
S o %1'01 %é | & Bole 248 2= 29
A7t & Afole 29 ASE wdstA "t 4
(152 &4 45, 216 29 4S5 Uephd

LSF EInggF(wS( )|>\ ) (13)
n=1
L51F[ Elogpy?(zé( )l)\w) (14)
n=1
IfLSéF(z) > L‘él}(i),then C,(i)=Speech (15)

If L5 (i) < LK), then C(i)=Music (16)

o714 Gli) A LAY FT 9Tl 0 S
2 ekt

33 Yoz 78t S4/2% 28|

77 9§77 54 vl o)8d AuTrt
2% 24 ¥ 9o BRI I3300 et Ut 9
2 ol AsE Tt £57] 9 477 BRI
A 7] % WEE AL 7] ERi Bzt
B8 Anel 477 BR At 5Us 1 Ane
35 AN e Wop BTk A0k S4/9%
B8 At Aolsitel AR 21 9% G4t W
Gt 2 9E A AU AR A 2

P& P2 Aol 94 8 SO ASE HE

If L5 (0) + L5, (0) > L) + L3, (i), then C(i)=Speech

If L5 (i) + L, (i) < LEG) + L3, (6), then C’( )=Music

9ot AMEY Bzt Y

| MFCC 7|8t 24/29 A5 22 243

Long-term
Features 1=
Computation

Long-term
Classifier

Input

ignal :
il ot |, s

Decision Decision

Short-term
Features [~
Computation

Short-term
Clasifier

T2 3. MAXol EoiEzE HEH SM/20 BET|

= T T
Fig. 3. Overall Long-term/Short—term Joint
Speech/Music Classifier

16 bits/sample, 16 kHzE A= =glon Y
9 F71E 1024 AEES A8t 35709 S¥S
ARgate] ZRAIRE B3 mdlS sy 24 E
=% E7719 45 AFE Hlol 7719 28 AR
At 45 Aol AHE 7719 3Holl= Harmonic
(dmtolx, Q=71 Individual-Line(A2E, ),
Mixed(di+d5, & 7)), Generic(Cymbal,
Gong), B4 24, o4 &4 Als& 4= o] 9k

E 19M= Ald 54/ 27719 4= |
Efigleh. MFCC @7t £ mer]eE o83t &
/&S EF71E Bt 2.4%9] 0788 HYX &
Eq Ws} A7k 4 ”Jrﬂ} [8E o83t 348 &
el B 2.1%0) 9R8< erglt Yuk
E4s 23 == "EHL 1.5%9] Q78S Ho]
shuke] £ mietu eyt ARgShe W ET 0.6% ©|
A9 A5 HAE olE 4 Ak AE(Cymbal) ©]
1 FIAE Y2 (Castanets)?} 22 EF}7] 20)Q AlS
oA USAC &4/t &771= B2 A5 AskE &
ot ARk At 2% ER7|04 e Wi =
3t 52 Bk Individual-line 418 2L AL

Aotel dyEj=o] QEgo] 2% uwlog HolyS

1O & -

r:i

rl



N
N
N
rok
Hl
o)l
H
=
P
ojm
=
~
>
Job
toi
r
Ao
ﬁ
é
>
rH
>
>
fol

Table 1. Error rate(%) of the signal classification for
the USAC and proposed method

Audio Usac | Short-term s glerm |y
Signal (MFCC) t Method
Flux)

Harmonic

(Music) 6.8 1.2 1.0 0.9

Individual-Line

Mussic) 12.3 2.5 2.0 1.7
Mixed

(Music) 7.5 47 43 35
Cymbal

Missic) 11.7 23 1.7 1.0
Gong

Music) 7.5 0.6 12 0.0
Female

72 3.7 3.1 2.5

(Speech)

Male

79 1.5 12 1.0

(Speech)

Average 8.7 24 2.1 1.5

Fig. 4. The results of the signal classification
(a) Test waveform (b) Results of USAC (c) Results of
Proposed Method
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