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Bird sound recognition algorithm based on
feature selection and GWO-KELM

LI Dapeng, ZHOU Xiaoyan, YE Ru, XIA Yu, XU Huanan
(College of Electronic and Information Engineering, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract: To address the problems of single feature extracted and low classification accuracy in bird sound recognition
algorithms, a bird sound recognition method based on hybrid feature selection and Gray Wolf algorithm-optimized
kernel limit learning machine is proposed. Firstly, the large-scale acoustic feature set ComParE is extracted from bird
sound data, secondly, the F, . of each feature is calculated and ranked, then the generalized sequential forward
floating search (GSFFS) is used as the search strategy, and the correct rate of feature subsets on the kernel limit learning
machine (KELM) with ten-fold cross-validation is used as the feature selection criterion to select the features applicable
to bird sound recognition subset, and finally the optimal KELM parameters are selected by the Grey Wolf Optimizer
(GWO) to recognize bird sounds. In the experiments conducted in the bird sound database of the Berlin Museum of
Natural Sciences, the average correct rate and F1-score of the method reaches 94.45% and 92.29% for 60 types of bird
sounds. The results show that the method has higher recognition accuracy than the traditional self-designed single
feature set, and the GWO-KELM model is easier to find the global optimal value than the grid search method.
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Fig.1 Block diagram of bird sound recognition system
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Table 1 The performance of the ComParE feature set on the

classifier
s 10 %0l &5 30 R 60 e H L
e

R F R F, R F

Acc Fl-score Acc Fl-score Acc Fl-score

RF  88.51% 84.66% 85.82% 76.95% 83.88% 76.13%
SVM  95.67% 95.24% 91.93% 88.68% 89.41% 85.87%
ELM  94.81% 94.65% 90.59% 86.95% 87.24% 82.27%

KELM 96.67% 96.65% 93.77% 91.32% 92.23% 89.45%
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Fig.3 GWO-KELM iteration results
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548 E AR ) 1E B A Fl-score ¥4 5 T JE 4R 45 1IE
&, RIREEL 2%~5%. SEREW, KT F, M
KELM R FERE RS 1 IUARFIE, Prde it g
BA RIEFE 2888 7), BENS S LT Hh S e 15 00 75 R
R. £ GWO-KELM ##%(c=316, o=6112) iR 5] 1E
T 259 94.45%, AHECR HT I %48 K 1) 77 X KELM
HPARE0.5% Iihi . SESMMEIE R T,
GWOH R NER Z KB 2 RRNE, YT
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Table 2 Identification results of different classifiers for the

feature sets before and after the selection of the 60-
class bird acoustic features

. RFIEIL PEHT 45 2R R #3521

iES T

RACC FFl-score RAcc FFl-scure

RF 83.88% 76.13% 85.11% 78.41%

SVM 89.41% 85.87% 92.10% 89.85%

ELM 87.24% 82.27% 92.12% 89.45%

KELM 92.23% 89.45% 93.89% 91.78%

GWO-KELM 92.96% 90.16% 94.45% 92.29%
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Table 3 Comparison with other paper schemes

T EAR MR A AR BT SR A R

RAcc F Fl-score RAcc F Fl-score
ComParE+SVM  89.41%  85.87%  87.49%  86.04%
09IS+ELM™ 86.57% — — —
Logmel+CNN!! — — 91.12%  88.47%
Logmel+CRNN! — — 92.89%  89.64%
GWO-KELM  94.45%  92.29%  91.16%  88.54%
3 it

NTREMBE LY FHIRGIERE, Mk
A5 7 R SRR R B — R ), AR SO T —
Pl TR A R IR BN IR FEARAAZ IR PR 5 ST HL
(S R SR . ZEER F BFE X 43 BE bR v
5 KELM 4 28 25 A 45 & X $2 HUP) ComParE $F#1iF 4
HEATRREIE RS, SR A E I GWO HiE L4k KELM
17200 BN EE SR rT AR, AT IR G
ComParE4FEEE, &5 HRHME AR 458
R IR R A R, R 7T KELM A
Foo R A FHE R P BV T R AR B BRI
SYRRETT o T IEAEAE BB AN B E S
i 2 1) 4 2R 0 T B 2R 43 ) AT DLIA 3 94.45% A
91.16%. EIRHI AR IR T H A7 v 5 58 5 KR
P22 SIRRRY, {H R TR R 2 SRR 7 B & ) a
FEAS, ARSCHTHR T IEAE/INFEA & 75 504 (R 51 ATy
AfH—Em#H.
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