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Bird species recognition method based on multi-feature fusion
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Abstract: The choice of input feature directly affects the classification performance of the deep learning, a
multi-feature fusion recognition method was proposed to improve the classification performance of the bird
species recognition model. In this method, firstly three kinds of spectrogram samples of vocalization signals were
calculated through short time Fourier transform, Mel-frequency cepstrum transform and Chirplet transform
respectively, then three single feature models which based on VGG16 transfer learning were trained using these
three kinds of spectrogram samples accordingly, modified weighted cross entropy function was used to fix the

problem of imbalanced data set, the outputs of three models were fused to classify the spectrograms and realize
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the recognition of bird species. Taken the 35 kinds of bird in ICML4B database for study subject, the MAPs

were compared, results show that the mean average precision (MAP) of feature fusion model is highest increased

by 0.307 contrast to the single feature model; Three spectrogram durations, 100 ms, 300 ms and 500 ms were

chosen to compare the test MAP of four models, the results reveal that the 300 ms duration is the best; the

precision of 4 models with different SNR were compared, the precision reduction of feature fusion model as the

SNR decreased is the least. The proposed model can achieve better performance with suitable duration, have

anti-noise ability in some degree, and the trainable parameters are less, which is more suitable for birds with

little samples.

Keywords: Bird species recognition; Deep convolutional neural networks; Multi-feature fusion
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Table 1 Detail information of ICML4B

bird vocalization signal

W %
JbK R 1% Aegithalos caudatus 35
% Alauda arvensis 54
A NE Anthus trivialis 39
JnEE K 2 Branta canadensis 30
WX 474 Carduelis chloris 44
$ ALK Certhia brachydactyla 16
Bt MG Columba palumbus 39
/N5 H5 Corvus corone 24
#1AY Cuculus canorus 26
KL A % Dendrocopos major 34
%39 Emberiza citrinella 21
FKIE S Erithacus rubecula 29
%53k 3 4E Fringilla coelebs 24
AT Garrulus glandarius 13
%% Luscinia megarhynchos 27
15549 Motacilla alba 40
43S Oriolus oriolus 17
#1L14E Parus caeruleus 42
Kil1# Parus major 23
VB LI 4E Parus palustris 37
#5FL#E Pavo cristatus 41
134 Phasianus colchicus 29
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15415 Phylloscopus collybita 37
LK AR S Picus viridis 25
A2 Prunella modularis 29
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HKHIREE Strix aluco 19
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1.3

ISEEERITE

I ARA G v BRI

VB P AR 7 X AT DA R B A R R
A, TR NG P DI R RF AL, R LASEEL K g s
(4326 Bl 9 7 49 BUAN R ) 1 RS AE, 283 7 3

(1) S IR e EEL 2 4

STFT /& fi i F (1) — Bl 5353 1 77 1%, e il
IS 18] B P9 K — BUE 5 KRR 5 — I 2 85 5 R 1E .
THEA5 25— WU I SRR B, (58 AT DA ) b X BV
HE

(2) g 2R A5 A e

NEWr 21 75 35 K5 4 8 B8R JF A B
PEIEEEOG R, 38 H K H Mel #1%8 ROBE R AR SN H- 1)
W R R (8], g s (5 5 2 i s B AR 4 2 S
W — BRI =T Mel SR IEP AR 20, SR 50 P
PEPE AR BEAT X BB 5, D R R AR
A ] 15 B /R (3] 2220 (Mel frequency cepstrum
coefficient, MFCC). A 3545 3 32 4 /K {513
FHUE, ERRILFMEREE 048, EHRTH31
Y BT R R T

(3) Ltk /N A 4

CT & — P2 e 7R, W LU J 2 Jd I ol
AR AN AR W 5, AERAE RN P AR5
o B B AR D4 o B — (S 5 AT e 1 A
AN AR e, I HLE Chirplet 23 fif B35 H R A5 2/
P FH A SR SR /N R E

VI
;

1] /s
(a) BHEETE

E N TE— === === ===
o 10 B - B b=
g 0 R . R AR 3 Edee e aeatiegit

0 2 4 6

1] /s
(b) STFTiER

N
o)
~
~
i
K

s 1H] /s
(c) Melifil#l

ﬁﬂ?—/kHz

1] /s
(d) Chirpletif[&l

1 ERMIES s A i
Fig. 1 Spectrograms of Phylloscopus collybita
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