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ABSTRACT

Background: In the ecosystem, birds are an important component, which is crucial for regulating the ecological
environment and monitoring biodiversity, and can even assist in predicting natural disasters such as earthquakes and
tsunamis by monitoring the movement of birds and listening to their abnormal calls, so bird sound recognition and
abnormal call detection have become popular research directions. However, low recognition rate is caused to the
problems of insufficient feature extraction in traditional bird sound recognition methods.

Method: In this paper, we used a fusion feature method combined with deep learning to extract bird sound features.
The fusion features were obtained by splicing the original signal parameters with the modified log-Meier spectral
difference parameters; the deep learning method was based on the DenseNet121 network structure and incorporated the
self-attention module and the central loss function for bird sound recognition. The self-attentive module partially
improved the feature representation of key channels; the central loss function was used to solve the problem of
incompact intra-class features. We used the data of 10 bird sounds from the Xeno-Canto World Wild Bird Sounds
public dataset to test the accuracy of bird chirp recognition.

Conclusion: In this paper, a neural network structure containing self-attention mechanism and center loss function is
proposed for bird song recognition. Its verification accuracy reaches to 96.9%. The code is open source to Github:
https://github.com/ CarrieX6/-Xeno-Canto-.git.
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Fig. 1 Flow chart of bird chirp recognition model
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®1 AWK ABOREINBIESERA

Table 1 Dataset description of model training dataset used in this study

BRPATR BRI e A B35 R HE R

Chinese name Latin name Registered label  Sample length (s)  Data source

2 PN IRR I Botaurus lentiginosus amebit 23,960.7 https://xeno-canto.org/species/Botaurus-lentiginosus

A 3k e Haliaeetus leucocephalus  baleag 22,744.8 https://xeno-canto.org/species/Haliaeetus-leucocephalus
i (R Spizella breweri brespa 23,880.6 https://xeno-canto.org/species/Spizella-breweri

=P UEP YA Quiscalus quiscula comgra 23,517.5 https://xeno-canto.org/species/Quiscalus-quiscula
bl Phalacrocorax auritus doccor 22,183.7 https://xeno-canto.org/species/Phalacrocorax-auritus
RPN Streptopelia decaocto eucdov 22,837.2 https://xeno-canto.org/species/Streptopelia-decaocto
KB A 1 Leuconotopicus villosus haiwoo 23,009.2 https://xeno-canto.org/species/Leuconotopicus-villosus
1 & Spinus psaltria lesgol 22,521.4 https://xeno-canto.org/species/Spinus-psaltria
PR Aythya collaris rinduc 21,653.2 https://xeno-canto.org/species/Aythya-collaris

1 e T G Aeronautes saxatalis whtswi 22,491.7 https://xeno-canto.org/species/Aeronautes-saxatalis

X B ZR VG 22 23 R AIE [R] B AR A5 5 P I 1S R AIE
43 R GG REAE o B0 IR 1% 22 23 R A0 R0 il &
fEFEVGGI11. ResNet18F1DensNet121 4474 it 17
X EE S, MR AE AR . WA gE R AR 3, R
R T b A RFE/E Densnet 121 f1VGG 114 7 R
THES = =8

w3l LUE k& R IEAE VGG ResNetl8
FDensnet12 145 8 (1) AER Z2 ARFE93% LA b, EIRIHE
A ZEANR, HRZAEZS T M DensNet121 1] 5 2
Hoze iz /N T HAR AL, ZRA % fEDensNet121
BRI EREMR, A EFEDensNet1211E 4
R

(Q)IH AL SEIG T o A T ARILAS T2 21 50t A1
B e, A T eI b, FEx g Rk AT
3T e I bl et R AR 3 A4S B X K AE 4 L B
FHEE R, e RIS T A8 SCHUR PORE SR 4544 o
BARNCLT =5 — R R AR RRE AN kg 2R 1 22
FREHEATRGFRAE; R BiEE IR, E
B G 5 OB T R R AL e T =
softmax lossFlcenter loss&h & th, 7EMIAKZEFE
BRI, 4R N EEES, fSAE A KRR A R I 2 (]
M A BN & EE . BARSLIG 5 k4, ASCEH
THELEN AR HER IR 3] 1796.9%.

AR SCHE H IR AR AR T 1 7R R AR B TS B
DensNet121 + @AHEE + FEE P + F0P0
KRB FE v e ARt it 28, w6 FTR

MIEI6TT LA A5 L E 1T 1052 X (Epoch) TR i
R B, WSCE S E TP, mAE
WIZREE b HER: %15 $96.9%, #1REHT T1%.

%2 DenseNetiZEI S #5I3R

Table 2 DenseNet model parameter list

ZH 4R Parameter name Z4{{H Parameter value

it K/ Batch_size 256

i #1254 Epochs 50

0.001

FUE RS TG Adam optimizer

53 HAE XN Categorical _cross-entropy

%% >]% Learning rate
itk 2% Optimizer
1R BR%L Loss function

%3 VGGI1. ResNetl85DensNet1213R FA A [543 A4
3t MAABERERAMESFERBRERE.

Table 3 Comparison among different feature accuracies of
VGG11, ResNet18 and DensNet121. Bold value is the accuracy
calculated by the fusion feature.

FRIESEE TV HfE BsiE
Feature extraction method Accuracy No. of parameters
VGGI1+ JFURHE 0.906 1.38¢8
VGGI11 + Original feature

VGG11 + X Hh 2R vl 72 73R4I 0.926 1.38¢8
VGG11 + Log-Meier spectral

differential characteristics

VGGI1+ Bh&H1E 0.935 1.38¢8
VGG11 + Fusion feature

ResNet18 + JGLAAHFAE 0.896 1.11e7
ResNet18 + Original feature

ResNetl8 + X HUG/KIG 2 FFE  0.912 1.11e7
ResNet18 + Log-Meier spectral

differential characteristics

ResNet18 + fili&H51E 0.933 1.11e7
ResNet18 + Fusion feature

DensNet121 + JFIHFFIE 0.901 6.94¢6
DensNet121 + Original feature

DensNet121 + XFHg /R i 7 73 FF1E 0.932 6.96¢6
DensNet121 + Log-Meier spectral

differential characteristics

DensNet121 + fli & 454E 0.939 6.96e6

DensNet121 + Fusion feature
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Table 4 Comparison experiment based on DenseNet121

B HET %
Model Accuracy
DensNet121 + & H51E 0.939
DensNet121 + Fusion feature

DensNet121 + BEHRFIE + JEE I 0.953

DenseNet121 + Fusion feature + Attention
DensNet121 + BEHHE + RN + 081 ik % 0.969

DenseNet121 + Fusion feature + Attention + Center loss
function
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Fig. 6 Experimental test loss value and recognition accuracy.
The above figure is the dot plot for the loss values of 0-14
epochs, and the figure below is the dot plot for the accuracies
of 0-14 epochs.
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Github: https://github.com/CarrieX6/-Xeno-Canto-.git.
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