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Recognition of Pig Cough Sound Based on Deep Belief Nets
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Abstract ; In the early stage, pig cough sound could be detected for early disease warning, and a method
based on deep belief nets (DBN) was proposed to construct a pig cough sound recognition model. Pig
sounds of Landrace pigs, including cough, sneeze, eating, scream, hum and shaking ears sounds were
automatically recorded. The samples were preprocessed by speech enhancement algorithm based on a
psychoacoustical model and speech endpoint detection algorithm based on short-time energy to reduce the
noise and get useful parts of samples. Based on the dynamic time warping (DTW ) algorithm, the short-
time energy characteristics were scaled to a 300-dimensional short-time energy feature vector, while the
24-dimensional MFCC characteristics were scaled to a 720-dimensional MFCC feature vector. And then
the 300-dimensional short-time energy feature vector and the 720-dimensional MFCC feature vector were
combined to construct a 1020-dimensional vector as the input of the deep belief nets. The number of
neuron of the three hidden layers were set to be 42, 17 and 7, respectively, so the pig sound recognition
model based on DBN was finally designed to be 1020 —42 — 17 —7 — 2. The 5-fold cross validation
experiment showed that recognition rate, error recognition rate and total recognition rate of the best
experimental group were 94.12% , 7.45% and 93.21% , respectively. Furthermore, the first 479
principal components of 1020 dimension feature parameters were obtained by PCA dimensionality
reduction. The recognition rate, error recognition rate and total recognition rate obtained better
performance, and the best experimental group reached 95.80% , 6.83% and 94.29% , respectively.
The result demonstrated that the DBN model was effective for the pig cough recognition.
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Analysis of environmental noise in pig farms



%3 1

BHE A TR AR & 4 00 R 0k A R

181

TO7 ik o N HE I B (0 BEPS “ 29 TR AT LK I
W75 A5 R R R B AT R

i I AR B P R AS B 2 3 A O R G A
FOREAS T A 5 IS S 22 b (R e 5 £ M L R
B FZE T 5 5 WS 5 2 L R e 3 ek A
BB T8 P G Tl WU T S S ST

0.50 0.50
= 0.25 = 0.25
@m - 9
E =
-0.25 -0.25
_0'500 03 06 09 12 15 _0‘500 03 06 09 12 15
Hit[A)/s HiF(A) /s
(a) BRIG S g (b) Y& 5 S s
0.8

03 06 09 12 03 06 09 12

A B (E, O B SR A AR B KL R B S
HiE o

B 2 T 718 O T 20 7 i 100 B ST Y SR O
5 AL BTS8P 5 AR A PO I8, X BT 5 4 5k A S
PTG P AT 5 4 5 % P 5 AR A G I A il >
FEE SO LT RA KRR,

0.4 0.4
0.2 0.2
= 4
g 0 fus e g 0
0.2 -0.2
04 . . : : : -04
03 06 09 12 15 0 03 06 09 12 15
s i) /s i i /s
() JRIRHEAT I P (d) YEBE SEF T
0.8 0.8
> 0.4 > 04
e 2 9
[ L3
-0.4 -04
-0.8 . . : : : -0.8
0 03 06 09 12 15 0 03 06 09 12 15
A a)/s A a)/s
(2) LR SHARM (h) U S5 HE 2
0.4 0.4
= 02 > 02
W - 9
E L3
0.2 -0.2
-0.4 -0.4
03 06 09 12 15 0 03 06 09 12 15
) /s i) /s

() USRS (OF ) 9=p T o)

P R AR U R X L

Fig.2  Comparison of original pig sounds and sounds after denoising

Fisf i) /s s} 6] /s
(e) IR UG IBMZ AT () Ve SR R
0.2 0.2
L 01 . 01
g O g0
-~ 01 S -0.1
-0.2 -0.2
0 03 06 09 12 15 03 06 09 12 15
Hif[A)/5 HiF A /s
(i) Db A e () V& I R IS
& 2
1.2.3  FRSH00] B i o5 A 0

5 SRR R N S — B S S
ok O AR IR L R IR S RS S E U
BRAES o WA SRR B RS W B
Yok L, AR 303 R 3 T B RE B A O 0A EAT R S
A E R B EREA v (n) S WUEE v
Wi R Ay, (n) , WU 55 5 e E, 3
AN

Eﬁ=2yﬂw (1)
A L——Wi MR 75 {5 5 19 0 B P AR R 1 B
h 200 AR FE
W B REAREE TS

BT J I R A 1 B S BOBLT B i s R R
SZHUEEE IR — LG R B e, TR A XY

E,
e, : (2)

= 7[,
YE
v=1
AP V—JE A E AR ST
W2 ANBE T, A T,, A=

T, =1.5max(e, ,e,, e, )

n

(3)
(4)

T, =1. Imax(e, ,e,,-:-,e; )

A F 3 B REACHT S 038 B
e F s WU LA —E 5 1 BE A

gt (3) M () HAAE T, T, 754N
0.02.0.008, e, T T, Wf A& i & Wi, KT 5
T T, I E D R R AR Ak S BT 3 TR TR
BAZ ROV R S A I O6F RO B 4 P R A A T 5
Ho 3 R, BEF I RE 0 i R I AT L A
by o A R A R T

2 ETHREMBEENESSTHISHRR

Aot 1) 0 B 3k
p P 3 AT, 20 5 s AR TS RS A A B K
FE A ) T — A 405 B0 00 5 10 o 428 1 245 0 2 9 22
AN 2 B R Y, DRI I 3 D AR )
THAL T IS 9 5% 75 5 R AR LS g [ — K 8 T AT A 1
SRR

I ¥ 0 6 5 25 K T Pl 4 TR, 6F ANV
WU 3 7 A I R B A2 VAT 5L 5 o
A A6 R A AR v WU R K i A, (v =
1,2, V) o BB 5 12 5 4 B B i 10 2 A0
AE 5 1 LUMABUCE 2 48 9, EARSRIE R RS, 5 12
A V- IATEUR S 2R V- R

2.1



182 & A Bl B ¥ i

2018 4

. 0.8
1
= i e 04
b
E . g °
i ' -0.4
1
& \ ) g . ) . ) ’ | ) , N ) ) ) ) )
03053 06 09 12 15 0403 06 09 12 15 9% 03 06 09 12 1s
HiF[A)/s HiF 1) /s HiF A /s
(a) FEWZN = (b) FEFTIEHE e (c) Mz
02 , 04
1 I
_ ol r 02 !
L | < l
0
i -0.1 ! -0.2
1 I
1 1 I
0853 06 09 12 1s 03 06 00 12 15 %% 03 06 09 12 s
st i) /s fist i) /s it [A]/s
(@ BRI P (e) FUETE (0 LSS

Pl 3 g A R A s A ) 45
Fig.3 End point detection of pig sound

P4 IS I 24 2 g I
Structure diagram of time warping net
A (v=12,V-1), KR, Zid V-NE4H
I RAMEHELZERA N DWW AL ZE AR
N AFFIER A,y (v=1,2,-,N),
2.2 EHEEHFESHIRR

H P 2 Al AN R R A E R AR O T
B — D), AT (L) TF 5 % 3 15 5 19
I REE 6 R RA A 5 5 i S I RE B AR AL I D AN BT S
7R o NI RS0 75 455 2 I ) S [R)  [5) Fbogs 7
Rt [ A S8 A0 A . A SCHTSE Y 6 Bl 75 & o
WK T W 5 2 i E] — R AE 0.4 s i h, T RZ B
H M W L H e FREE I A AR 0.6 ~ 1.4 s A4
N T AT G — i, AT SR T I [ R R SR i A A
P REAALEE 2] 300 WTZH A9 — 1> 300 4 f) A N fiE
HRIES AL .

V BURE P 0 5 0 R AR KRN, BTS2 5

Fig. 4

Hy
N,=(V-1)L, +L (5)
Krp L, — Wi, BOCHWHK L 1) 40%
Ny SR g R A TS A R
At=N,/F, (6)
H 2 (5) /] At 300 i i ok AR SR N,
24 120, — 2 i 20 (6) 73 ) % W B (A1 BE Ae N

0.502 5 s, i [A] L% > 300 i (RBP4 0.5 s) J5 6 Fh
B B REAS LI BE A > A AN S BTR o

XoF L B[] B 7 I 45 P e ) R 28 Ak 1 ]
8 W2 MRS R T PRI RE O BT E 0.4 ~ 0.5 s
T 23 RH S A b 2 4 P 5 BE AR, 3 UK IE B AL S
T 8 40 (AR X 458 /708 o 35 EF [0 B0 48 %) i ) B o R AIE
ZHOAT LA TR) I 2 AN ) o 288 75 1 5 6 ) 4 5
SR 2 S FUAS [ T 28 58 75 8 15 5 2 I (] 7 22
S
2.3 BRIMEAERYFESHIREN

M IR A0 R 3] % 22 0 ( Mel frequency cepstral
coefficients, MFCC) i 73 #7 J& 5 T A\ H- 19 Wr 58 HL 2
WA N R WT o 92 50 45 ROk 4 B B R 8IS AR
PO R A AR R A A TR, e
H IR AT AE YR A 2H R 24 4, 18] 6a JIT7R S A L R
FEAS MFCC =4k, 3 F— 4> 300 T i 3% WL AR A
24 4Ry MFCC i it 02 U BRI, BT LR A Ji) A
FELKE 300 T MFCC B 3] 30 i 21 5 720 4k
) MECC RfAE T £ . & 6b Fir 75 Sy I (8] W %% J5 5% %
Wk A MFCC =4E18

HH 3% 2 KRR AX MIECC I 1) B 8 R 5 = 4 18] ml
H L [ 6b AHXT & 6a T 300 ity 2 5] 30 T, K
B KR [6] i, & 6b W fR B T 18] 6a 1 I
SRR

3 FEIZMAEIR A

3.1 REFIMEEZE AR EE

WEAR S M S Sl 2 22 RIEKE SN
( Restricted boltzmann machine, RBM ) HE 2 i Ji% 1Y %
ZERTAL S RBM 4 iy 7 2 i 28 0 4 Y 2 I
S RN TOE RN, B2 AR, R
2 RHESRIUZ . HASIE 7 s .

RBM Hfif 28 038 5 HHC0 sl 1 PR R



%3 B 5 BT URE R A W4 10 A 7 1L 183
1.0 1.0 1.0 1.0
0.8 08 0.8 0.8
Z 06 Z 06 Z 06 Z 06
= = i =
1= 04 = 04 = 04 = 04
02 02 0.2 02
0 01 02 03 04 0 01 02 03 04 05 0 01 02 03 04 05 0 01 02 03 04 05
HiF[A) /s HiF[A)/s fi i) /s i} ) /s
(a) 3 0 7S (DN EFSEEIER A ) (c) FEFT RS (d) BB HESE 5 A T T e 7
1.0 1.0 1.0
; 038 0.8 0.8
= = e =
< o, < 06 < 06 Z 06
2 B o4 B 04 B o4
b= b — & = = . —2 o
02 0.2 0.2
0 0102030405 0.6 0.7 0 01 02 03 04 05 0 01 02 03 04 05 06 0 01 02 03 04 05
i [A) /s it [A)/s fi i) /s et i) /s
OF-1"4:-val (0) AR LR e s B (g) s (h) ) B3 f5 A R
1.0 1.0 1.0 1.0
0.8} 08 0.8 0.8
Z nal Z Z Z
0.6 5 06 & 06 & 06
B 04/ = 0.4 E 04 = 04
02} 02 0.2 0.2
0 01 02 03 04 05 06 0 01 02 03 04 05 0 01020304 050607 0 01 02 03 04 05
[} ) /s i8] /s LSRRI i8] /s
(i) FHHsns () B R) L8 S A e s (k) R E () B e LSS S S T B
B 5 %7 AR A e s R A TR R S X EE

Fig. 5

MR AR R 18] 1% 22 B mel

(a) HeF [RDRLEE I
6

Comparison of short-time energy of pig sound and sound after time warping

L7 S HIRES G

15

- 10
5 i
(b) EHEI R

¥ % 0 7 ) MECC &

Fig.6 MFCC of pig cough

K7 ZIRBIRZE S LM L 2t
Fig.7 Structure of RBM

0 IR 2 TTAL T MRS RS 1 Rt & okt
FRGEIRE . 2t se (0,1), Fom d HHILEITH
IRZS w RN i 5 j Z 18] B3 U L 0, R
MZTC @ B BIE, WARZS 10 & s BT X 7 19 3R 252 2
PLEE RT3 225008
2 Z WSS, — Z 0.s, (7)
A W28 Hp R B 28 T8 LS ARASCT A (EL R I E
Fr ST, ) 0 4 e 48 25 3k BN LR 25 & o Ao L
RZS )5 s B ME R Ak g 5 BT A Al RE
AmEMRER T E RS m R s BRI AL
W

E.\’ = -

-E

ARSCRTS 2 REM HE2JE AL DBN 1 i
LR, RO 25 K i 8

p (8)

8 T4 BE AR A I 28 2 1% ik 7 1) A 7Y
Fig.8 Pig cough sound recognition model based on DBN
N 28 4ok I ] 0 o G5 4 B 300 4 S 1) Rl = 71
720 4 MFCC 21545 2] 1 020 44 & F¢1E S 8U4E N
DBN fy%i A, DBN i A JZ 1 28 0 503E R 1020 A4~
i — 2 i 2 AR IR U G Ok N R S
JEnZ kS K da th E M AT BGE R 2 4. BRZ
2B O 5 B2 5 50 DBN L1 R 77 A ) 45



184 & A Bl B ¥ i

2018 4

FASPERRAR, W R A2 M &80 5 ok 1 (1 A
1,, ] DBN BRI A] 2675 49 1020 1, 1, — 1, —2, P42
A AN

I, =41, +1,, +6 (9)
Kb L —REZENZITTAN
L, —HI— 22T

L, —Ja—ZMaui%
S— TS, L0 ~ 10 Z [8] {9 %L
AR 2 (9) 15 B 5K Ak % B2 #i oo A ol O
4

I, = /1020 +1, +6

L=/, +1, +8 (10)
L=, +2 468
18 3 R IO Y 6 (R, i R AH (10) 15 1, =37,

l,=12,l,=7,

NG EIFE YN YR EEIv e O 1 Y ) 3
SARYCH 1, BUH Ry 32,37 42 F047 4% 1, BUE K 7.
12 17 F122 % 1 AN 2.7 .12 #1117, &l 2
YINZAR X b H AR 3% 22 A SR SO G, e 08 1 (L, AN
Ly 43 BB A 42 17 17,80 DBN [ 25 552 B 45 44 1%
S0 1020 —42 17 -7 -2,

3.2 RERIM M ZM S IR 5 82| 4

ACKE R R A A B O AR L 2 )2 WO
RBM FI BP #5352 D& U doi /9 7 %0k Uil %
DBN, Tl Zxny i #2 B0 2 2 1 25 RBM iy f2 . 4%
B — I B REARRRE S BOE y— RS s,
RBM il 2k i) H s 5 50 (7) e /MU IR 22 = HLIY
AEAE, A mp ad 20 (8) Fe RAGAR S 1) 5 s ) 3 i HE
90T A 2 X N RBM AU w, FIBIE 0, S8
XA 3 A 6 H LR ( Contrastive divergence , CD ) &
ok,

AR 1, A RIR T A K
JUH) RBM, 4 o Fl h 35| 378 B2 5 BRE M &0
ARZ 1) 5, i RBM B 55 5K 9 25 45 44 al 45, th B2 3
A R R R TR 2 Y AR AR S

la

P(v/h) = T] P(v/h) (11)

P(h/v) = l_I[ P(h;/v) (12)

Hi CD Bk B, X TR — DA SRR v, &
Fe AR (12) iR W B2 e g oo iR S 0 i, RS
H HARE 58 70 A1 T8 5 A R A AR B B 4R R
A1) FE(12) 73 3] RBM AUH T B A =k
ca=w, +n(vh' —v'R'") (13)
A g R RSO E N 0.1

w

v v 283 7 A W R RE 4 2

h'——h 28535 35 A0 R R 1 45

w,— 55 ¢ Wl 245 2] 1 AUE

w, —55 ¢+ 1 RYIZRAS 2] BUE

T & DBN YNGR, A SR B 43 (5
£ 50 MAEA) AT 2% 2 %R, B 1k DBN |
SR B A 3G T8 AU T T o R ] AR
(Weight decay) i#f 17 & 1E , 3l & 1f $ T A 5 i B
H7E R 0. 000 01 ~0. 017", B (13) 1BoH
el =w[+1;(vhylv—v'h"['+rwt) (14)
A r—— B R, AL S 0,000 2
3.3 BEWAEIRINERSW
K 3 A48 b ok My it S50 25 2 A % S TR

2R (CIE B TR0 9 8 2% IRE AR o5 0 3 2 v o ez iR A
SVBUE 3 E ) R W R U S (Rl R R S A
WP 1) 2 AL R RORE AR o D4R v A IR e IORE A 55k
43 E) FE TR 3 (I B T 00 7 5 0% DK ORE A R A
JE Rz A SRR A B A ) o RATS A
2 SUBGAIE T ¥E 64T 38 IR E , BIVKE #5 i 7s 5 5 Fp
AR WKL A -2 73 78 5 55 03, I 4% BRI 25 4 5 D
SEREAR 4 T EL B 43 1 5 41, 2F 17 58 SRR HIE , SE 36 45
RNFE 1w,

F1 SHXTXBWIEHR

w

Tab.1 Comparison of recognition rate of cross
validation method %
207 FEVZME U RS SRR B R
1 94.12 7.45 93.21
2 90. 76 8.07 91.43
3 91. 60 8.07 91.79
4 92. 44 7.45 92. 86
5 92. 44 8.07 92. 14

T 1 AT, 2% A R TR R R PR )
YT 90.00% , % % uk A R P R A H g
8.07% , Ul B T A SCR BT DBN B985 0 A 31
IR AT RO o 32 1 A 1 L8R kR U3 A 3k
B 94.12% , iR B HR KB 7.45% , 5 5 Rk F
93.21% , NI AESL A .

3. BEEESHIESHESE

253k ) ) R R B 4R BCRY 300 4E K I BE Bt A
720 4 MFCC 2511 1 020 255 75 5 5 5 IR S 5
YR, T R A R R 2 B T R R A
WP PRl Bk AR, AR SR AT 3 R 23 i (Principal
component analysis, PCA) "7 4 J2 5 1 020 4 F#1iF 2
Borh FAESE P 5 5 BE T 55 B R 70 1o

HEELHAFER

Bem NRE R AR AR 0 B REARRHIES



531

BHE A TR AR & 4 00 R 0k A R 185

B IR BAR AL X, AR R

X Xp X1n

21 2 2n
meu:[xub]mxn: . . . (15)

x x x

m2 mn

B A BEAS BEAT LA 15 200 5k AL ) 1 B s

n

Xy =X, — ,):,n“ (a=1,2,---,m) (16)
WG AL S B FL I X, B DRy 22 A B
Y XX
R (17)
m -1
3 PR FURFAE [9] 5 4
SW =AW
W=lw w, - w,] (18)
AZdiag()\],/\2,"',/\,),"',/\,,)

S A, ——3 R
W5 AE(E A, XL 5 G 1] I
A AE R A, REDINIES IR p A HEAE (%
R 3 W48 p (LA 6 IR Job 4% G £ 0k 2 2,
AR N

,
A,

L(p) = = (19)

A,

1020 44 I 65 B A MFCC 45 4 2805 7 ik %
BRI RIE 9 iR,

B9 LS Bk Hon sk
Fig.9 Contribution rate of dimension of feature parameters
9w, YA (E A TTER R KT 90% i), BTk
X p A FE T B AE S RO RE SR U R A
MR @it i, 4 p W 479 I, 5Tk 3 ik 3
98.01% . TJ&, % 1070 4: 457 fiE = 8% 5] 479 4k,
i 50 (9) f T DBN [ 45 2544 0y 479 — 27 —

14 -6 -2,5 P LI UL T AR UL 2 Fion .
F2 BESHBRERAZNER

Tab.2 Recognition rate after feature parameters

dimension reduction %
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