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Recognition of Multiple Bird Species in Audio Recordings Based on Feature Transfer

Liu Haotian', Jiang Haiyan'*, Shu Xin', Xu Yan', Wu Yanlian'?*, Guo Xiaoging'

(1. College of Information Science and Technology, Nanjing Agricultural University, Nanjing, 210095, China; 2. National Engi-

neering and Technology Center for Information Agriculture, Nanjing Agricultural University, Nanjing, 210095, China)

Abstract: To deal with the problem of inadequate sample in multiple bird species recognition, a new rec-
ognition method of multiple bird species in audio recordings is proposed based on feature transfer, which
uses bird sounds of single species to train a multiple bird species recognition model. Maximum mean dis-
crepancy (MMD) is used to measure the feature distributions difference of bird sounds, which maps audio
feature of single-species bird sounds and multiple-species bird sounds into a new latent feature with the
same distribution. Then single-species bird sounds with latent feature can be used to train a model of
multiple-species bird sounds. The experimental result shows that method can achieve good regognition
performance in a natural multiple-species bird sounds dataset based on four multi-label metrics. The rec-
ognition rate of proposed method increases by 20% compared with other methods in an artificial multiple-
species bird sounds dataset.

Key words: bird sounds recognition; multiple bird species; feature transfer; transfer learning
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JEFN R R . 5 UM R WF 58 AP B H T LA R Bl A BROR )8 H 4 52 B O T L X IR # F
FEABAERE N . A 5 7 P BE ST W) . 2 R 2 BT T AR R Bk A K H bR W R A S RS R g R R
B A B R LY 10 A SRR R R B R AR H TR R R EAL
X L [ L R B 2K Y AT R UK L PR Bl AR AN s R S B s 5 T T 1 R AR
TR A SR A 22 43 3% 2 % ( Mel frequency cepstral coefficents, MFCC) F i #i 1R & % I ( Gaussian mixture
model, GMM) 47 4 R 42 T2 B 5 28 0 R 8 A4 R 3% Jr Bk ATE Bl o 2 A7 A 1RO R 2% 08K [A]
Py b ) B SR o A Ok — 2B RIS U O T T S B W T AT RE B A MR T R LA R U S R () R B
Y T R A B T M 1 R R T B T — R R 1 R e SRR A R R TR %
VST A T A I A T X 5 P ARG b B AR S AR IO B S D A Y S0 B RRAE L 3% O vk 4R IR e
e 0 RE A AR B AT R4 1 YU 285 Ul /D T A B R A R IO Y A FE B . Dan” U X MFCC 5 43
FRAETEPUMEBE ) B RO 4R T — b JC W B B0 RRR AR L TR S TE T B0 R RE ) B4 W) I 4R T RRAE
P IRy 05

B 5 A R T vk FORE R B — W) B Y 55 RS L T AR 5 2 A B O o A 0 B AR R B 2R
F N R N 7 R I N e N O = R v o e RS = S A G el o R
PRI & 3T JL AR S 22 0 Fh 15 75 R 50 5 R WF 9% T 6 52 3 G T . 2012 4, Briggs ™ B IR HH — Fh 56 F 2 52
B Z2 Fr il 27 21 1 2 ) Fh 5 75 U0 7 vk 32005 R 2 AT BE AL AR PRORE B K R A A % 18] o
R LA 1 B RN S5 b a3 1 O R IR A T R S R R R AE . — BOE P g B A T
N — A J 5 2R AT MIML-KNN 2546 53 1 22 52 4] 22 pric S i A a2 Jp R BB . 2013 4R i R FI i
T T i tp 2 (Institute of electrical and electronics engineers, IEEE) 4 20 (1) “ {5 5 &b 3 Fb g9 L 85 2%
¥ AR ” (Machine learning for signal processing, MLSP) B 35 2317 DL Jz [7] 4F (14 “ 2B ¥ 75 2 #i & (5 B &b
F” (Neural information processing scaled for bioacoustics, NIPS4B) ff i<} 2x #B¥f 2 W Fb 2 7= iR 5 7E Ry
S ULCTE SRR, A IR B TR D B X 22 W B 0 B B SR . SR T IX S B B LUK L BT A R S
P 5 AT AR LA 22 92 ) 22 R A0 27 AT O R 5 3k 28 05 9 R BT B0 I B R I R RE A 5 0 KR A T R A
IR ARt T B ARG vh 2 8 5 75 A & 02 A T 4R Y L AR XE DR IR IR AR A 500 il RE A A
H LB FE I AR . 2015 4F Jancovic!™ 5 HMM gy 8 — 4 Fi (1 1 5 4105 0] J 4 i 2] 22 ) B 15 75 51
[F) 5, 3 M T — i B T B R L AR F5 51 (Penalized maximum likelihood) i) 2 ¥ F 5 7 {8050 580 % L % 5
TR — A R R A O — R AR AL B3 R T MM Al 3 03 R AR 5 4% 30 ) B R LR B
TR S A L A 1 5 Al PR AR G R BOR .

AR Z W) R 5 R SR T R R E AR IE B 2 W R S A B T U R RO A R L X
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Rp AL TT RS 2 — Bl B T B R 2 ) 5 1 a1 M 3 DI R AR A A A ) A 28 PR AR AR R L il
NI A5 IR AR (9 1R AE 20 A 2 55 o DT 5 BAS [R] 2 A B AR [8] (9 JRGE A% o R AR SE A I 0 1 I 2R A
L5 IR AR 9 [8] 20 A5 225K L H A B 78 IR 0 28 SO 70 25 20000 (19 1 002 W7 o IR 17 AS i 119 1oz FH 2%
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Tab.1 Common bird sounds data sets

FEAZETY B 5 44 B FEA L BT ke R
Borror laboratory of bioacoustics 26 689 blb. osu. edu
Macaulay Library 4929 www. macaulaylibrary. org
IR xeno-canto 296 483 WWW. xeno-canto. org
LifeCLEF 2015 33 203 www. imageclef. org/lifeclef/2015/bird
British Library Sound Archive 869 sounds. bl. uk
Z Y F
NIPS4B 687 sabiod. univ-tln. fr/nips4b/challengel. html

A SR Xof 22 i 5 7 I A A e/ g 1] R 4 11— b G T AR A T A% 19 2 W B 5 75 U3 U7 7 (Recogni-
tion of multiple bird species in audio recordings based on feature transfer, FT-RMBS) ., % J5 % DA 3 T MFCC
1 GMM () 52 75 {5 B HE 28 5 L0, 5 A B RIE 22 5 i A 235" (Maximum mean discrepancy embedding.,
MMDE) X i /b 5.y ift 55 22 W) B 5 75 B e AR 70 A5 22 53 o K 3 S ) M 5 78 5 22 ) b 15 78 g 3k =0 7 3 03 e
fiEF-23 18] L 52 SR © A /9 B D 5 P AR A 2R 2 W b 28 1 75 RO R AL A H Y

1 ETHIEIBHNESUMERIRRTIE

FT-RMBS iy “PE 7R AL 32 ORI 2 W) P73 2672 A QB0 BREE R . W 76 e AR 42 U 38 id MMIDE iy
E T F S0 S O ZR A A 5 DR A 1) L SE P TR AL 3 B A D S D 5 75 5 2 W A 5 SRR AIE 23 A A
— BUR L 22 W Rl 27 LARE AR 10 98 A8 5 980 AL D A SR 22 BRal 2 21 SR 2R 2 W D 1 e ) A
B, FT-RMBS g3 A f R WA 1 BroR .
L1 BEHIERR (oot — wespen (s )
1.1.1 #&E MFCC

MFCC J& e i JH 809 & SRR AE 2 — - e 0 3
FONZEE 2 YU UL AR R b R R

(wreen )~ somimm |

W 7R R U . MFCC o A H W7 5 Ja% B 1 BT AL T RS B 2 W0 Bk 5 A U5 AR
S E SN A S M A5G A Fig. 1 Flow diagram of multiple bird species recognition
O A 2 R 2 T 0 based on feature transfer

s B IR B S AL BUESOE IR AR . SRS B AR Gl R B A A L OR A A IR I AR
L OB, I B LAY 74 28 4 (Discrete cosine transform, DCT) , Bia] 3] MFCC & %{., MFCC %
By Bt g B 2 s .

O ST B « 1579 75 (253 B0 J600 7 5 00 5 R £ 4 B 15 79 0% T G A 8 7T L K



1242 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 6, 2017

RS WA Z RO B TR aaey e 1 |

1 L A B e A Tt

A3 PRSI0 8 2 M . A SO O G5 O EE T
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A5 e (Fast Fourier transformation, FFT) ¥ & %% & 2 MFCC i3 2

o B S B 1 6 B8 540 A ok T 8K Fig. 2 MFCC calculation process

(3) Mel R « T N H-W7 50 A7 76 38 R0 » BT 5 4 28 AN I 43 52 B — R A0 238 098 45 9 B A i 3
BRI . DR AT UK FET A5 20 09 45055 2R BOE F M A = #0738 38 4 0 B, SR 15 5 7E R FOF
53 A AN BT 58 Rk

() X U 46 < 4 Mel R A5 31 19 BB i 28 BOH AT X B8 S 75 30 A0 I 19 5 A 2 2%

(5)DCT : 44 A [R] 4547 114 R 12t O B0 e J5 P22 il DCT A% 46 [ i 5, 759 8] i 4 MFCC R k. i
DCT 3% F T il 20 48 B2 6] 9 G 3R 5 AR IR0 i 280%

(6) 225378 45 : MECC F3AE Z 802 — Fh i 25 & SRR AIE , JC ¥ S e o 90UA 5 Bl R i sh S 284k, b T
S W A S 1 B A R R H AR MECC R AE 9 S Atk o — B 22 43 MECC(AMFCC ) il — By 22 43 MFCC
(A*MFCC ) YE#h FEHRE
112 HAHIEmRsy

H T AR AF 5 [0 80 e 1 ZRRE A p S R 1 7 R0 2H R R A U R 2 ) e R .
FEAAE TINS5 & AL S T 3 2 YR 0 7 O 6] 5 75 () i A L8 i 52 (75 S fh 5 5 5 2 4
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g3 . A A SCEI A MMDE 83k $E 52 Py R & 75 5 B Rl 5 5 1 [R) 3 A 00 08 7R RRAE .

MMDE % i 38 3o B Y1 ZRAE A< 5 M0 AR i S 381 ] — 4> 98 76 R A0 25 T oo (8 753 310 0 A AR e AR
FORFAE 73 A1 A RL . MMDE SR Jl fiz K 19 {8 2% 57 (Maximum mean discrepancy, MMD) i & Il 25 # A 43 1E
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(Reproducing kernel Hilbert space, RKHS),o( « ) : X— H & /% J5 b 55 23 6] e 5 21 RKHS 9 e 5t 5%
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2
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CE R3]

Px | 0 =D wb, (x) (2

Arbw, HIRGHCE G 2 Z]u =1:0 7 GMM S HE G A= {(w.pu. 2} H T p AR &2 R
TR 0,0 N i A d dEE TR AT KR A
ﬁexp{—%(i—y,)izfl(i—y,) (3)
Qoz Xz
GMM 255G A ol DR % K 22 (Expectation maximization, EMD B3k AR R 15 .
1.2.2 %ty

FE L) R 5 R R R 2 BRI B 2 1 2 B ET LR 6 A 4 R 1 R A ST M ST ) GMIML R
SIRERY e 2 LA S5 A A 2% B v 19 GMIML S 114 ) o 288 390 b S R AR o (ELI O 0k 1 U3 45 2R R R
— Y Fp 25 TC B R B R ICREAR T 2 AR . S T S B W RN 4 25 A SCHE GMM i ) 43 AT AR
RILH L RankSVM ZbRid 4 KB kit — 432k

RankSVM J& — Fl 3k F 1% 4t 2 £5 1] & Hl (Support vector machine, SVM) ) £ ¥5 T HE Jyr #5 A1
FEH Z bR 20 2 a8 AR AR AR IC B AR rank (6 y=Lr oy oo, IR R rank {8 8] 77 75 — I
FFRFE rn=>rn>Zr, > RIR S H LR HEET AT REA IR A P AL — X Rl
(=13, =0}EBAH {ri >r b o SVM BYAE 55 2 4R 30 55 00 0 R B /s d5c /NMERE A XS B rank {8 (9 184 6

A SCKE GMM 4y 1) 43 A %
YE24 RankSVM (1 % A, 14 i& Z ¥
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Chearmt i =] Bcmomm —( Bc s

R JEAE Y %A R ) R AR A 5CMoMM |~ SBCmlE | RanksvM |
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3 ZWAh e U R R B AR R

Fig. 3 Architecture of multiple bird species recognition model

2.1 XIIFEE
2.1.1 XEHEME

R T B UERTEE L IR RE T A SR A - AT AR Z W S FE B EM — N KRR Z WS
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s R A BRI AR Z 58, Ard JE R SE B A1 208 WA 4 B 2R (IR 58 AR 4 L i S
AR IR TR 1) B S I 5 AR Ay B Al S P N R AR O S 0 ) i 5 R R AT BEALIR & (A
4)  F3E 1000 BEZ W) 5 75 A g I AR AR

(2) KIRZ W b 5 75 04l 4 (Natw)

Natu J& A 52 5 o /9 K98 2 W) b 15 75 52 00 K4 46, & 9t G B4 ok B NIPSAB & 75 %04 %
NIPSAB J&“ A # 1 th 28 =5 B8 b 37 Pk ik 3% (Neural information processing scaled for bioacoustics) 2y I
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5k FT-RMBS (%47 8001 52 55 H o 28
T MFCC #il GMM 1y 5 75 U5 55 2/ g X 1
Bk ER T A A B 2 bRl 2k
AE 7SI v S X LSRG T RankSVM 43
24891 RMBS RoR 0 ek, X ek
SN R A

F2 MWILHEEAR

Tab.2 Composition of algorithms

HF /10 Hz

=50

P /10° Hz

1 2
iFfE] /s
(b) BRI AN NS 75 ARk
(b) Audio spectrum of Purple Finch

: FEOEWS o SRR i
RMBS GMM  RankSVM %
FT-RMBS MMDE GMM  RankSVM WHE) /s
(c) TRA AT P
2.1.3 EMIEA (c) Mixing audio spectrum
i T RE M [ Dy T 56 IE Bk B R g BE B4 S5 A s Bl
H AR ETF - ERBEN ISR —ELF Fig.4 Audio mixing sample
B 355 00 0 LR AT T AR

(D Ry ERPF 4 48 #
JR TR TEAN 4 A 2 A8 T O U SR AR A B — R 2 B IR B R I AR AR . ASCRAVT 2 # R
ERPEAN AR PR IEN AR — W R B BE T
TE B TR 38 ¢ X S — e B Y (9 SR FR T AN R AR L Bl sk T A A 2800 B R ) B0 OE B RE A T
A IE AR A Y LR TE B R ) 2R R h B T pR R IR B AR A, LR AR A, 4 E=
(s [y=1) FRIZEMNOEGIREARE AN E={(x,y) [ y=0} XmABIEARE. L £RZK
AR T PR . BB R E B B R O
Eyu»
R (h) ZE\T D)
Krpa| o [AHESGH TR E. ERE H PO 1 5000 e& B0 IR AS B BE T L fH R 2 I 4R
S O, BB AR A o Bl R0 O IE B . B AR SO HE — R AR O A R IR R IR AR .
EER UM AR bR e T T A 28 51 B AR R U Y S T SRR AR A A A R R R
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(2) &R PR 16 bR

SR PEA AR bR T P U A AE B A W AR 2 R ZR U RE D . i T 2 A S R U R TR
SN Z ARG SR R AR SOR T 4 B B RS B0TIZ R I 24810 % T 8 AR - Hamming loss.
Ranking loss, One error, Coverage MAN[F] Jy 11 S W5 32 19 468 2 8 S5 o 8 s 119 0B/ D58 330 05 1) 001 4 4%
AR A 4 R R AR A TR TR AR T LS SOk 13
2.2 EEEBENYFHERRANEILE

A SCHE SE o AR X FE AR Artd SERR RO 4R BRI AOCR . SRR AE Windows 7 #:4E R4 T R
Al Matlab R2012a 4 f2 52 U3k o X HEREAE Artd MU 4E B2 10 0 0 BT 2 DX HE L fE 4%
o b b PN SRS E L A5 AN SR 30 AP i 1 TR A U SRR RPN AR BOIRL I R

R3 BWHIRRNZE

Tab.3 Recognition rate of each specie %
TE AR R BRI R
Yy b 24 R

RMBS FT-RMBS RMBS FT-RMBS

H R 34.48 53.56 21.59 47.96

2 3k 19. 30 19.59 0.00 0. 00

g 54.59 61.48 24. 67 24.01

F 3 52 45,12 64. 42 13. 68 54.91

B R R 15 70. 57 73.07 43.91 47.58

&3 ATH: (DFT-RMBS M FXF W B RS YR B IEF RN R E8ETA, Hrh FT-
RMBS XJ“ b B3 7 R 11 331 38 6 46 7 19 1E 8 18 501 A 48 F RMBS #2717 2020 DL 1o {0 M IE B 17
B bR 2 R AE B IS U SR A A R U RO . (2) FT-RMBS 764> 51 9 F - 9 1% 18
S 2%t RMBS $5 3 i, b L FQ3CS ™ ™ 1 3 58 M 48 7 19 4 158 U000 28 | RMIBS 15 20 26 D |, 13 B
FT-RMBS 7E £& 7t 7 1 8 3R 50 2 1 [l B 45 D2 U0 T 38 0 A A8 TP R i HEA . 2 AR IR A AE
CER NG B A DR R 0 U B W R AT AT AT — 1) B R U O L TR B 4 A OE
R A R WA F] 20 % , FT-RMBS 535 X5 T 3% 9 B0 10 52 50 Rt A4 T+ 7 R 2 0.3 %6, 35 50 &R R %8
e MAEERE" XA Y L. FT-RMBS 9 1E # L0 S48 T+ 7 7%, [ B 485 52 I 50 R R AR T
0. 6% , LI 8% A b

Zi b AR SRR R FT-RMBS fE 82 T4 1 1E 8 U3 28 1 [ B ) B 25 SRS DR i1 e . o 17—
2 R SR A LRGN Rk A £ A LIRS B R AT IR A
2.3 HEZGHIRANBELE

3 FT-RMBS Al RMBS 1 25 & PR 808 o 48 IR S5 56 38 1T Natu 52 50 30 48 2 T 4 W2 4l
2 ) VEM R BR HL B 2 B BIE X 2 W R S R RO B . BIA AR R 4 MEFCCCLLR f/if #F MFCO) fil 4
it 25 23 78 e 19 5 B MFCCCLL R i R AMFEFCC) T i 4% T0 48 bR B0 W26 4, b 54N 48 s 19 55 /)8 8 B
A R .

#4050 . (1) 7E 3 F 5 UG MFCCH:F 19 5 A i1 51 #p , FT-RMBS () Rankingloss , Oneerror fl



1246 HIEREEH LA Journal of Data Acquisition and Processing Vol. 32,No. 6, 2017

x4 HERGRNBE

Tab.4 Algorithm synthesis recognition accuracy

MFCC AMFCC
RN
RMBS FT-RMBS RMBS FT-RMBS
Hamming loss 0.075 2 0.090 4 0.170 5 0.102 4
Ranking loss 0.400 6 0.388 6 0.374 8 0.3335
One error 0.843 1 0.8235 0.725 5 0.862 7
Coverage 20.960 8 18.725 5 17.647 1 16.568 6

Coverage T RMBS #A A ] F4 1 [ , Ho i Coverage [&4% T 2. 2,1 Ranking loss il One error
A 0. 02, {H#3 ¥ Hamming loss BT E 1 0.015, Z245KF 4 MEaiFmistsh A 3 M55 T
PETE L BEWIA SCEE Y FT-RMBS 12546 MECC FRAE B AH T RMBS 535k 5 19 U 2 .

()15 3 T 58 % MFCC $%4F 119 1 7% 35 31 7, FT-RMBS 445 T RMBS 7 One error EFHi T 0. 14,
{H Hamming loss,Ranking loss fll Coverage |43 H|F&fK T 0.07.0.04 F1 1. 1. 554 MFCC # iR 5 4%
BB FZH P A DRI AR 3 D E TR T, YW AE 5 8 MEFCC $$4E T FT-RMBS % F
RMBS [F] # 5 A 5 8 1 00k .

48 b BETRREIE R B FT-RMBS 55 AT 3R ARG & 5URF AR JE 47 UM B9 RMBS 33k A 3
e PR B

3 HERIE

h i e 22 ) Aol 2 7 U Hh IR AS AN Y TR R, A S 22 R T B ) Bl 5 RS R AN 25 2 W A 1 R
B, 8 T FT-RMBS, % 7 ki i3 51 A MMDE %3 2 BB W) Fh 19 75 5 Z W) Fp 15 75 1 8] 0 A 3
TEF ABURFALE » DT S B8 40 ol 5 25 1 i SR RS RS W BB T TR B Z2 R S 75 . FEZ W) R S R U S
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