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Automatic recognition of insect sounds using MFCC and GMM

ZHU Le-Qing' , ZHANG Zhen® (1. College of Computer Science and Information Engineering, Zhejiang
Gongshang University, Hangzhou 310018, China; 2. Key Laboratory of Forest Protection of State
Forestry Administration, Research Institute of Forest Ecology, Environment and Protection, Chinese
Academy of Forestry, Beijing 100091, China)

Abstract ; Insects produce various sounds when they are moving, feeding or calling. These sounds exhibit
intraspecies similarity and interspecies differences, thus they can be used to discriminate species
identities of insects. Automatic detection of insect species through sounds produced by the insects would
be very meaningful in giving farm workers or forestry workers a convenient way to recognize insects. In
this study we employed the sound parameterization techniques that are frequently used in the field of
human speech recognition. Mel-frequency cepstrum coefficients (MFCCs) were extracted from the sound
samples after preprocessing, and Gaussian mixture model (GMM) was trained with these MFCC features.
Finally, the unknown insect sound samples were classified by the GMM. The proposed method was
evaluated in a database with acoustic samples of 58 different insect sounds. The method performed well in
terms of both recognition rate and time performance. The average recognition accuracy was as high as
98.95% . The test results proved that sound parameterization techniques based on MFCC and GMM could
be used to recognize insect species efficiently.
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FEEEYM RO L ME N R, RE
EALKEFTHITERANMRECEKZ, HEZA
WS RI N A R B i U, X7
TR SCER AR B D, ME 2, RARE S
ERETRRERATAEFENRES, XMHEEEA
RETWEFEARLLN, BARIEIRE. K
FTEE R M A S . IRXFE RS AY
A S B E —BU A K, IRA BT L
PR TR AL E . Riede (1998) $2Hi B H
Pk R E IR T AT M AR R, FT 8%
RATHEYZHEER.

B R B 75 2 S ) R R A A B B s RFAE
PRI 26T o B SR B B AR AIE 7 L2 () A R
HRAFEFZER R B, T2 2888 W BETE 24 € FFAE
73 [ SEBUIX A X 73 B8R (2003 ) 5 I 43 3% 2o #r 12k
1 BP MM RGN E &, JFEEAE 3 KFR
[ K4 Sitophilus oryzae (Linne) . K% Sitophilus
zeamais ( Motschulsky ) FI 75 #) & ¥ Tribolium
castaneum (Herbst) ] i) FEHp 47 T, JEHUS T
81% HIH HIIEH 3, Chesmore (2001) F i85 5
SEEFIN T M %X B 3hiR 5 H33 B B dUiF iR
(grasshoppers ) FIEEER ( crickets ) I FARIAT T HF5T,
WEHET 25 KR EEMH B BENRE, 12K
GER R WA LUK A3 B R ] %, Pinhas 25
(2008 ) W FF & T — F i F K & & 1k ( vector
quantization, VQ) FIIE-& & P &Y ( Gaussian mixture
model, GMM ) F) %505 J5 1 SEBUXT LU AR 52 He (red palm
weevil ) 24T R B SIALI . Ganchev 45 (2007 ) fi
FAF B koot 3 393 70 98 BE LA B 23 SRR R
4; (linear frequency cepstrum coefficients, LFCCs) ,
S H— 51N 0 &, JF R M 4%
(probabilistic neural network, PNN) . GMM. }& /R
T RAEHY (hidden Markov model, HMM ) Z&4E 4325
A RBIARFE R B, R M e dL g g
R HEAT TR IR BUS T Hm MR ARG

A WF 5% 5 A 4 /R 8] 3% R %1 ( Mel-frequency
cepstrum coefficient, MFCC ) {E- 7 M B B 75 S HEAS
RRIFRHE, I IR & BT B0k 73 2500 R i A
Ho APFRITEAEMRE RN MR ERE . 1%
B Wiz sh M B A 7 (Arbogast et al., 2000;
Brandhorst-Hubbard et al., 2001 ; Zhang et al., 2003 ;
Mankin et al., 2008a) . 38 B H i 5 A 4 e 48 75
(Vulinec, 2000). #f Ak B H #9425 3 Fi & 75
(Thoms, 2000; Mankin et al.,2008b) . tH¥ B R K

B ABCE . 3R E B IR 35 75 (Hay-Roe and
Mankin, 2004 ) ZEFEA B 4T T PEAL, X0 4F
ERE BFREUE T 98% i EHIR BN B,

1 FERARRIFEMNTALE

1.1 FEEFRHREERE
AHRFFERHOLRM IR RFEF
(Mankin, 2009) , % Hy 38 B Rk AR M F 58 Ak 55
Hl> Richard Mankin FBFFE/INHAN AR . 322 Hp Jr 5%
il i B U B R (Rl T 3 ~60 s Z ], i T f
GMM 7 2K88F A4 MBHR T4k, REE &
B RTINS, A A B F i A
e MEE, PSRN, —MEEE
BRIEEM 1.2 s KAEH H B E B REUE TR 5
WA RS, EPBAR s AW BIESE: — I
G — MR, NAEPHHEEARKEZETKT

MR
1.2 W

B PTA B A R R B RS R R
BAES, MATEFEQRTEESH—. B
BB,
1.2.1 H—4k: FEGFSHHEH-LRERE 1
FAHERR A B G5 MR B (E, BP .

X(i) = «(i)/ max x(i) (1)

Hep (i) BIEIRES, 2() BRE—AERE
. n BESRE,
1.2.2 WUME: B THAEHESHERRKERER
BRI TEN, KL REREHTEMRIR, =5
A (5188 LU I SE IR B — AP JCIE HEZ BKF . BUIME 2
— PP TR B 7, TR 20 T R F55 R
HI7KF, (155 HRE ARG 3, DUE TEAT 0%
SHTERAEESHOMT . BMERT o FHENTF .

a = exp( - 2mFAt) (2)

H Ac HEEES R, 0N E %
AR 2 1533 BRECH «

H(z) =1 -z (3)

1.2.3  5rEe: ARG WBHRE AT T /0 Bk
o BMRIFEERAPIIIDFNNRKELA 1.2 s
HREREAS o

2 MFCC $E#RE

/R3] 451 3% ( Mel-frequency cepstrum, MFC) &
X E AR R RIS — R, BRXTIEL
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IR BT HH RN Bl H8 1 AT R MR KR TR .
IR B R B (MFCCs ) 2 3L [F] 44 it MFC )42 14 R 45
(Mermelstein, 1976 ; Davis and Mermelstein, 1980) ,
EATRIE T —FE A B ERERR . B HE/R
3% Z B i X AE T, TEMZR s b 3895) 701 B4R
i, HOHALEIE th A A B, BB HOE T AR
W RGN . MFCCs B 312 I F 7618 & 4b
PR BETE AR (Wu and Cao, 2005 ; 577 B
XA, 2005) , 2 IRPRAE(2010) Xf MFCCs [#HE I
BTRIE TR 4, FIA ST RAER Mgl
A PGB TS RAHSR SR .

1158 MFCCs B F2 40T

) WifneE, #i1.2.2,

2) fin Hamming % , & (55 HA WEFRaRE,
BiE5 REEm R B LA AT R — PR, A
URPPRRE BB o O ik e AT 0 i, BRI/ e
F5RI R — AW B, B —E BN —
Wi, INEEESPUREE N MEAREEFES
PO, T&Z R E & R R L R MTEEFS.
FIE B IR RS — UG SER R R A f AL R
HRAR, P Gibbs MR M B, T BU/NELR R
A RAL WA LM, ] Hamming 5 ( BP FF 4 5%
&) 55— Wik,

3)BUIK N =256 g, %4 —WifE FFT (Fast
Fourier transform ) 2846 , X 451 1% B F- J7 15 2 B HL
YIE ST 8

4) 8 FAR T AR E B B R AR, A M A
MR A B IR B AR IS, BB —HR B ml,m2, .
Mg /R UE B ARTEAI_E N TEMG /R =I5 A
HESH=MHE,

5) ¥R A 1 S BSR4 B A B AR
RIXT B

6) X /RN BN R EAER AR L AR e, MF33)
f % (¥ R ELRD g MFCCs,

FRUER) MFCC H R BR T 1B S BN # SRR,
—BrZ7r MFCC( AMFCC) 2 —Fah &S5, R
TIEESEWTRE, AREFNEGEE, £—H
Z4F MFCC f35A b, S8R A —2B B b — 22
43 MFCC,

3 EFGMMERESTIRS

3.1 EESHER GMM
R A E TR R FORS HELA: AR, 53—

T AH 5% (R HE 2 28 B bR B0 8 3 J L1 57 ek i
BOFREE R, — MR IEE % ERE M MRS %
FERIACER (B 1), @53 T it 5 (Douglas et al,
1995) .

p(x1 1) = Z},pibi(?) (4)

Hex &2—4 D fEMBEHLIAE, b,(x), i =1,
o, M, BREROSWEE, p, i=1, o, M, RIRE
BB BB R —A D BRI 28 1 = Hr R 8K,
mF=:

2 1 [P
b, = xpy - —(x - (u;
(%) (21T)D/2|zi|mep{ 2(x (,u,)}

(5)
HHEm RN p,, WHEEER | Y | R

%*Xﬁ%/@;é/% Zl,pz = 1 [}

P(X| %)

BT M ARG HIR G U BE R 2% o 1o 30 85 A P
Fig. 1 The Gaussian mixture density of M components is

the result of weighted sum of M Gaussian densities

TR EITRS % E b T B M E &
P ZHE RS PESENGE], XS L
MUTRHEEERRN:

A= in X} i L2 (©)

B—RKERA LIH—1 CMM £7/R, JFFATHE
FIRERY A SRFE1R
3.2 HPEE & K1 ( expectation-maximuzation, EM)
"k

¥ifEm & . Uy Z5E ARG UES GMM 2
Bon] LA B R RISAMEN B A EM Sk A0l 1115
3, EMBERMITSH N WEREY:, Bl
KAUSRAL 31 ( maximum likelihood estimation, ML) FH
& KJG % fh 1 (maximum a posteriori, MAP) H f% &
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M. %I - H Baum F Petrie (1966) &
Baum Fi Eagon (1972) $& i}, 7€ [R5 /R A] R A A
(HMM) (Bilmes, 1998 ) Z ¥4 i {LLSR Al 11 h e
o

EM Hk g4 AR AR RER A
B, BEHH—DHIEK A, FHHp(X 1 A) =
p(X 1 A) 5 RGBT~ EI 46
BT, XS RRE #1T B RE B

I‘uﬂﬁo
FER T EM Bftep, DT A AR AR
SIFASE S LA 18 1 26 IS
AU
RS DWIUERY (7)
-
. " p(i]7,A)7,
ﬁi=2t=11p |_, (8)
Zhlp(ilxn)‘)
e
- " pGiE.A)A
7 - L KD ©
> p(il7,0)
MR § B R AT -
p(ilz,,0) = Dbz (10)

> pibi(%)
3.3 BHAFIRA
MFRRAEFIRG, A& NERRHAS =
{1,2, -, NJATLAFI NS GMM: Ay, Ay,eee, Ay 3R
Fno, BRENAENNEMNZRIEERENEEH
ER B FPAETY, ATAF T ARER
p(X|A,)Pr(A,)
p(X)
(11)

S = arg maxPr X) = arg max
glsksN (’\"l ) glsksN

HAp%E 2 N EER d g2, BREFRA
FRARMUE—Z (B Pr(A,) =1/N), METARER K
FEERMTE, p(X)&RFER, 72N

§ = arg max p(X|3,) (12)

o FIWRER Z [R] b ST PR R H SRS B, T B e s
BRI RGERHE:

S = arg lrgliXNilng(;t IAL) (13)

Hep(x, 1 A,) BIFR(10) A,

4 RFREER

%I AEBC B N Intel Core2 2. 16GHz, 1G RAM
) PC AL I F] Matlab 23, X5 B R A HH 58
i, B—MEERRENKAR, £EHEE3 K
FABEAME, Hh— R A TS
#5r GMM R, T Ay A A A Tk, 5 —
FEEAEERTUKAEAZN T 1 ~14 420,
B—RER BN EAEARIE 2,

F 1A TRHAESRE . YIZRFITFR AT 2 Y B[]
PERE, 7EFREX MFCCs FFAEM SR T T 24 B E A%
MNRFFLIE H, FHAESRBORI 2R 12 5 i 1] 14 g
BRAGEAEAS BFRSE I (] ARG, AR SR BRI 25 B g
] SHEAR EAR, EIFELMEMER, BB
WA E S R R0 AR I 2k i) i [] i B
GMM K 8A %, ‘B5 GMM i i BURIE Hs
P RN RERER U IR, BT AR A
WA BN L b, FEDR B, {55 A
EAEARKEREA B, TR 1RG50
i [ o

#®1 ET MFCC 1 GMM g R B 7= & B3R R ka0t ) 48
Table 1 Time performance of automatic acoustic insect identification algorithm based on MFCC and GMM

RIFIRA e GMM YIZEnt 1l ()

Training time of GMMs with different number of components

FEEARRLEN ] (s)  HRAESRIR ] (s)

Duration of sound sample Feature extraction time

R (s)

Identification time

1 2 3 4 5
5 0.480 0.034 0.133 0.211 0.234 1.605 0.328
15 0.735 0.109 0.404 1.727 2.194 1.900
30 1.222 0.193 9.283 13.646 18.544 23.287
45 7.876 0.238 9.729 21.186 28.498 37.000
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B2 45T 1.2 s REJR A FSAA A
R0 4616 7 3 A [ B Ar BT GMM R U331 19 1E 4
R, HERE, R C XERIH AL SR 5L
N 2 i) GMM HUG iR A R e b, HR B IE 7
RiFik 98.95% . BABADMITH CMM Sk 73
RIEFZRE THZ Mo GMM, RUIR i &
XEARTEE & AN B, B S tR PR C
PHEREW MG TT 1 BARBCR BT k-HER K
Ttk

100 T BRICHERE

Fuz% C-means clustering
o KIMEIRK ]

k-means clustering

984

96 S

PRI BE(%)
Recognition accuracy

o4
9}
\
\
%}
\

A —— y

88y ) 3 3 5

GMMAR A
GMM components

B2 AR AR ECT
GMM B Hi75 & A B
Fig. 2 The recognition accuracies of insect sounds with GMMs

under different components and different initialization methods

2T BN C XME R I iR b
SrECR 2 BB GMM PR & A AN [R] B R A 5 A i d
LREER BR T O E RIS 3h AR BT SR AH
XHE—R(95.65% ) , oAb B B By B U3 IE B
T 98% o

5 i

AP AEMUTUIE R R RS S
5 AN ek AR SGR B BOR LB T X B A
Az, K A h%RETT A MECC AR A &
FHIE . GMM 1B 7324, %I IETEIR B 58 KR I
PR R P25 98.95% , 5l —~ 1 s
FEA B EREAS B BRI 1E] O 300 ms 2, M
VU IEA ARG E] B AR R B T R4 B TERE
SR, BRI IR AE DL AR 2 TAREAY, 16
PSS, REERAEGEN AT RBEAN AR
WEE, XA R BRI R B
PERE, XFHH SR AT IR BN AR T 3= AL I
FUCHL, IRFE . VIR, &5 B RBGARK

F2 FREENEHFFHIANBELR
Table 2 A comparison on recognition accuracy for

different types of insect sounds

PURREEE B AREA R ()

EA e S
" Recognition Overall number of

Catalogues of insect sounds

accuracy testing samples

A MBS IR (7 28)
Movement and feeding sounds of stored  0.9565 23

product insects (7 classes)

TS BB FIEE (15 28)

Movement and feeding sounds of soil ~ 1.0000 48

invertebrates (15 classes)

IR L B EE R (2 28)

Defensive stridulation of soil

1. 0000 4

insects (2 classes)

WA R HGSZ AR (13 28)
Movement and feeding sounds of insects 1.0000 64

in wood (13 classes)

HYI B BB SRR (1 28)

Movement and feeding sounds of

1. 0000 2

insects in plants (1 class)

B R R R (12 28)
Vibrating sounds of wings and abdomen 0.9804 53

of insects (12 classes)

AE WX E A, A aEE R B R 28T 3h ™ A
FE, XA BRI P A SCRIE Z R o
RERBRX T RIEA . b, RRERERFRRE
TREMEERSAIXG, XEARRSEER
AR | B SRIB. SEg, S, MARMA
ARG R REIE AL B A RPIRES » A3 it
B & SRR E G5 BRI T BRI & 1
AERB, ESERBIRTAEF, RATHIEEFTIR
BIZAT, ZANRERSE T RKEEFE S0
B RAEE
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