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Fig.1 Overall structure of bird song classification method based on Inception-CSA model
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Fig.2 Waveforms of calls of the silver-throated
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Table 2 Comparison with experimental results of other

classification network models

O Vodel SRt NI EIE7

Parameters Accuracy
CNN 4.93x10° 87.48
ResNet18 11.70X 10° 87.65
ResNet34 20.81X10° 86.34
ResNet50 25.57X10° 91.97
ResNet101 44.5610° 89.41
VGG16 138.30¢ 10° 88.50
AlexNet 61.11x10° 86.37
GoogleNet 13.0110° 90.01
Inception-CA 1.5810° 91.27
Inception-CSA 1.57X10° 93.11




53 ZERIE 45, JET Inception-CSA YR B2 S KT f) 19, g 432k 103
LA 3 i, R W sin BRECTE S 09 PR R 4R G D 5% 32k References
7 ; X j-[ilj ok ?3/ H

”‘ﬁfﬁ”ﬁ Mo 82, Inception- L/SM’E‘ H‘fﬁ‘#ﬂﬁm [N 2SO WA B A 26 I 25 A 5065 5 & R 0%
Wiy ik R 456 22 ROBE R B AR AIE 5 42 JR) DG TEAL R JEBL S A [T Al K224, 2022, 41(3) : 1-10.AN W
Mﬁﬁ%;’é‘:% =3 ‘_ﬁﬁﬂf{@] ;I'% ﬂgﬁ'-? 19} fl%%?ﬁ , E‘jé@i}m Y, TUJY,HOU D R, et al. Ecological restoration of territorial

2B il LN T S space and rural revitalization: co-occurrence and integration [J].
By ISR 5 Journal of Huazhong Agricultural University, 2022,41(3) : 1-10

— A (in Chinese with English abstract) .

3 -L-J- e [2] ANAND R, SHANTHI T, DINESH C, et al. Al based birds

ZIKE}%EJEEE Inception *ﬁﬁ%ﬂ]mﬁj {f%njj ft) 3 sound classification using convolutional neural networks [ J/OL].

IOP conference series: earth and environmental science, 2021
- — IR B 2 Sk : s ,
i R Inceptlon CSA BRI 5508 75 5328 5 785(1) : 012015[2022-09-19 . https: //iopscience. iop. org/arti-
Pio HEET B GBI 2 N 4 AU cle/10.1088/1755-1315/785/1/012015/meta. DOI: 10.1088/
Inception-CSA BRI L T 2 RS2 W I A R 2 X 45, 1755-1315/785/1/012015.
&/ p [3] BARDELI R, WOLFF D, KURTH F, et al. Detecting bird
A3 AR R B ) Jy 58 T A d A
o EE REAE L AR RO [ UL E/]j)::"] AR 451 j:i FAE. sounds in a complex acoustic environment and application to bio-
X—J-a:z:lajjclj LR j:iEEfyﬁ;EE/ﬂh‘{E@ffh‘{E &3Fi] acoustic monitoring [J]. Pattern recognition letters, 2010, 31
S 30T B4 S 5 B DR 2 ) 7 4% (12): 1524-1534.
T ’ | = I R 487 [4]  WIMMER J, TOWSEY M, ROE P, et al.Sampling environmen-
f %—]‘:/’f‘j X%Wijéﬁi & 51:T1 A /E}:/I% EEXM? QJ tal acoustic recordings to determine bird species richness[ J].Eco-
AT P45 P TR AS T A A R ek Ao 1) — 1B A logical applications,2013,23(6) : 1419-1428.
ﬁl’il HMTZIE ML T R G 2B . Xl 51 e st BRIk . T 117 L Ao 5030 ) 5
1 5 9t R G R AR [T ]L P SEALRL T, 2022, 42(4) « 1260-1268.
7 00 245 B R A JER RVRR IR T rh AN TR RUBE TS 1 15 8 75
L/F I:blﬁq’j:fﬁ R{ﬁ%”‘ Tflfj:?ﬁrﬁ—] E’Jé)ij{jf jjﬂﬂi }J\ﬁﬁ LIU Z H,CHEN W J,CHEN A B. Homologous spectrogram
s I I feature fusion with self-attention mechanism for bird sound classi-
ﬁ ™ éﬁg"EXEE i m%F' BRI ,fp[ Ho ,ﬁ\: ':F' it fE fication [J] . Journal of computer applications, 2022, 42 (4) :
) P 0 1 22 7 (CSA) SR A sin RBUAE 384015 R 45 . 1260-1268(in Chinese with English abstract) .
6 BRIGGS F, LAKSHMINARAYANAN B, NEAL L, et al.
> N l \ 3 N j:/ ’ ’ ’
sin [ﬁﬁﬂ’]ﬁiﬁkﬂ:ﬂﬁ/ﬂﬁ éXT*H%@Lj(E’]*T{I‘F{EJﬂE{T/ Acoustic classification of multiple simultaneous bird species: a
ﬂi s ﬁ%ﬁ’f‘t% EL% ;‘5 Y %?Eﬁ j':?"‘ o Iﬁ‘l Hd‘ sin PR ik&ﬁlé W multi-instance multi-label approach[ J]. The journal of the Acous-
Z30) /T@E 28 3 1) 1, ugﬁ#é;?? & H 4 1F 8% I R AE tical Society of America,2012,131(6) : 4640-4650.
S [7] QIAO Y, QIAN K, ZHAO Z.Learning higher representations
52 RAEAE T X A, 1 SR FRBE h 2 )

Zliﬁﬂ:j[_‘*% @E ﬁ A 5t EP LY LOF# 5% from bioacoustics: a sequence-to-sequence deep learning ap-
JERIE I P AL T Y 5 0 o SR B B T A 2 proach for bird sound classification [C]//27th International
F Inception-CSA AR AR [ S 0 RS 2 AR IR AR Conference, ICONIP 2020, November 18-22, 2020, Bangkok,

Vi N ; oo hailand.Cham: Springer,2020: 130-138.
MR % R 93,11 % , B 7 B AR LA A R + Springer, 2020:

% /J :E ﬁi‘j‘j P DO ﬁjﬁ‘ . ﬁi%;jt/\q [8] ACEVEDO M A, CORRADA-BRAVO C J, CORRADA-
#Ft. It HAEUIZRd # EP InCGpUOH-LSA BRI S BRAVO H, et al. Automated classification of bird and amphibian
L;L_ Ei LI&*JIE 1 /\ﬁﬁﬂz E{’]{E %:z Eﬂﬁ"*% E‘J,E\-ﬁ? calls using machine learning: a comparison of methods [J]. Eco-
i E(J %ﬁg‘r ﬁtg/ﬁ n%%‘% Eﬁ EU{E Iﬁjﬁl% IL‘[%F:I KA logical informatics, 2009,4(4) : 206-214.

' (91 ZR#T, 200 . ) FH BT SOMARFAE A D = 0 U3 [T]. W
=1 Fh 2K 19, = 2 B A =
[l B W PR A AR B R O 5 BB IH AT g 1 ##%,2015,43(1):185-190.WEI J M, LI Y.Rapid bird sound recog-
ﬁ%‘éﬂ%g s #H{i ’ﬂf/@gﬁ o nition using anti-noise texture features[J]. Acta electronica sinica,

ZIKH{:%‘TZEIEZ H Inception—CSA }EF 2 W] éﬁ*ﬁ I F T 2015,43(1):185-190(in Chinese with English abstract) .

N N o N [10] LEE CH,HSU S B,SHIH J L, et al.Continuous birdsong recog-
90 75 432 1918 75 432
DJ [%Fj ]} ﬁz% ’ }JFE E @ Q" %Fn ﬁﬁﬁ%ﬁ%i]ﬂ: nition using Gaussian mixture modeling of image shape features
TTor 2P . AH L T2 80 R R 4% Zliﬁﬂ:ﬁ},% i [J].IEEE transactions on multimedia, 2012, 15(2) : 454-464.
R Y /3 AN B Tncep-  [111 SKIEZERIE, G HE 5. BT Mel Filr SEULRHER A 3 2
Sn E 442 A o P
LI, LRI, 2017,37(4) : 1111-1115. ZHANG S
- ! #- 7l
tion E/J ﬁﬁi*]ﬁﬁfj}ﬁ& j]X'J'ﬁiF ALt E/EKL ﬁi H,ZHAO Z,XU Z Y,et al. Automatic bird vocalization identifi-
58 0 B0k BB % 41l 20 22 SR 52 P AR I 0 15 8 FORRAE | S E cation based on Mel-subband parameterized feature[J]. Journal
53R B S N B AR K 4 R i A, AT 5 of computer applications, 2017, 37 (4) : 1111-1115 (in Chinese
WAEAFE. RGBT ARG R gy Enelshabsco).
[12] JANCOVIC P,KOKUER M,RUSSELL M. Bird species rec-

PRIE o 0 5 08 PR DL 5 08 R 2R B B 4R
U TR 73 SN FE o (Y P 25 A1

ognition from field recordings using HMM-based modelling of
frequency tracks [C]//2014 IEEE International Conference on



104 LRI I NI <3 4 842 %

Acoustics, Speech and Signal Processing, May 04-09, 2014,  [17] SZEGEDY C,LIU W,JIA Y, et al. Going deeper with convolu-

Florence, Italy.New York:IEEE, 2014 :8252-8256 . tions [ C]//Proceedings of the IEEE Conference on Computer

[13] HINTON G,DENG L, YU D, et al. Deep neural networks for Vision and Pattern Recognition, June 07-12, 2015, New York,
acoustic modeling in speech recognition: the shared views of four USA.New York:IEEE, 2015:1-9[ 2022-09-19].
research groups [J].TEEE Signal processing magazine, 2012,29  [18] HOU Q, ZHOU D, FENG J. Coordinate attention for efficient
(6): 82-97. mobile network design [DB/OL]. arXiv, 2021: 2103.02907

[14] ZHANG X,CHEN A,ZHOU G, et al.Spectrogram-frame linear [2022-09-19].https: //doi.org/10.48550/arXiv.2103.02907.
network and continuous frame sequence for bird sound classifica- [19] LIM M, LEE D, PARK H, et al. Convolutional neural network
tion[J/OL ]. Ecological informatics, 2019, 54: 101009 [ 2022-09- based audio event classification [J].KSII transactions on internet
19].https://doi.org/10.1016/].ecoinf.2019.101009. and information systems (TIIS),2018,12(6): 2748-2760.

[15] SPRENGEL E, JAGGI M, KILCHER Y, et al. Audio based [20] HE K,ZHANG X, REN S, et al. Deep residual learning for im-
bird species identification using deep learning techniques[C]// age recognition[ DB/OL J.arXiv, 2015: 1409.1556[ 2022-09-19].
Conference and Labs of the Evaluation Forum (CLEF) 2016, https: //doi.org/10.48550/arXiv.1409.1556.

September 5-8,2016, Evora, Portugal.[S.1.]: LifeCLEF,2016:  [21] SIMONYAN K, ZISSERMAN A.Very deep convolutional net-
547-559. works for large-scale image recognition [DB/OL . arXiv, 2015:

[16] JOLY A,GOEAU H,GLOTIN H,et al.Lifeclef 2017 lab over- 1512.03385 [2022-09-19]. https://doi. org/10.48550/arX-
view: multimedia species identification challenges [C]//Inter- iv.1512.03385.
national Conference of the Cross-Language Evaluation Forum  [22] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.Imagenet
for European lLanguages, Sept 11-14, 2017, Dublin, Ireland. classification with deep convolutional neural networks [J]. Com-
Cham: Springer,2017:255-274. munications of the ACM,2017,60(6) : 84-90.

Inception-CSA deep learning model-based classification of bird sounds

LT Huaicheng, YANG Daowu, WEN Zhifang, WANG Ya’nan, CHEN Aibin

College of Computer and Information Engineering/Institute of Applied Artificial Intelligence ,
Central South University of Forestry and Technology , Changsha 410004, China

Abstract Bird sounds have diverse features, and most of the current convolutional neural network
models based on a single receptive field are difficult to learn the diversity of bird sound features from audio
containing complex background noise. In this article, we proposed a method of classifying bird sounds
based on the Inception-CSA deep learning model, which consists of three steps including bird audio sample
preprocessing , feature extraction, and classifier classification. First, the samples of bird sounds were pre-
processed into Mel spectrum maps with the same size as the feature maps of bird sounds. Then the feature
of bird sounds was extracted with the Inception-CSA model including the Inception module extracting the
multi-scale local time-frequency domain features in the feature map of bird sounds and the CSA module ob-
taining the global attention weights of the feature map of bird sounds. The output of both was combined to
obtain a stronger feature map. The feature maps were downsampled with the maximum pooling layer. Final-
ly, the results of final classification were obtained with the fully connected layer. The calls of 10 wild bird
species in the natural environment of south China were collected and the dataset was constructed to verify
the effectiveness of the method. The results showed that the proposed method achieved 93.11% accuracy
on the self-built dataset. The classification method based on the Inception-CSA model had higher accuracy
with fewer model parameters compared with the classification methods based on other classical models.

Keywords convolutional neural network; classification of bird sound; deep learning; Mel spectro-

gram ; Inception
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