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Method for Sound Classification and Recognition for Caged
Laying Hens Based on Improved MobileNetV3

HENG Yifan' SHENG Zheya’ YAN Yu' GU Yue' ZHOU Haobo® WANG Shucai'
(1. College of Engineering, Huazhong Agriculiural University, Wuhan 430070, China
2. College of Animal Science and Technology and College of Veterinary Medicine,
Huazhong Agricultural University, Wuhan 430070, China)

Abstract. In order to achieve accurate classification of caged laying hens’ sounds and intelligent, non-
contact detection of laying hens’ health, emotion, production status and other information, a caged laying
hens’ sound classification and recognition method based on improved MobileNetV3 was proposed. The
heat stress sound, fright sound, egg-laying sound and singing sound produced by laying hens under cage
conditions were collected from Xinhua No. 2 laying hens as research object, the one-dimensional sound
signals were transformed into three-dimensional Mel-spectrograms after sound pre-processing, and the
laying hens’ sound data set consisting of 8 541 Mel-spectrograms was established. The accuracy of sound
classification for caged laying hens was improved by introducing the efficient channel attention ( ECA)
module in MobileNetV3. The experimental results showed that the MobileNetV3 — ECA model achieved
95.25% , 95.16% , 95.02% and 95.08% of accuracy, recall, precision and F1 score, representing an
enhancement of 1.99, 2.08, 2.00 and 2. 04 percentage points, respectively, in comparison with the
original model. Comparing the models with the introduction of coordinate attention ( CA ) and
convolutional block attention module (CBAM) respectively, the accuracy of the model was improved by
2. 11 and 2. 03 percentage points with the introduction of the ECA module. Significant improvements were
also seen in other metrics. The accuracy of MobileNetV3 — ECA was improved by 1. 99, 2. 03 and 2. 50
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percentage points compared with that of ShuffleNetV2, DesNetl121 and EfficientNetV2. The MobileNetV3 —

ECA-based sound classification and recognition method for laying hens proposed provided algorithmic

support for automated and intelligent sound detection in the large-scale breeding of laying hens, and also

provided a reference for the function optimization of poultry house inspection robots, and opened up a way

of thinking for heat stress early warning of large-scale caged laying hens.

Key words: caged laying hens; sound classification; MobileNetV3; efficient channel attention; Mel-

spectrogram ; convolutional neural network
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Fig.2 Effects of noise reduction on laying hens before and after sound reduction
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Fig.5 Sound signals of four types of laying hens and corresponding Mel-spectrograms
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EfficientNetV2 92.75 92.32 92.61 92.45
MobileNetV3 93.22 93.24 92.94 93.03
MobileNetV3 — ECA 95.25 95.16 95.02 95.08
4 i

(1) $ T —Fp 5 F 2 ik MobileNetV3 i %€ 37
X IR 42 7 s, Bl MobileNetV3 — ECA , 7
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A BN 75 Ak A Mg R A TR AR D AR R A, 52 B
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(2)5| A ECA #iH 5 (1) MobileNetV3 5 % £ %if
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P, ERA 2 1] S8 ORE A 38 DL F1 4350003 Sk
£ 95.25% 95.16% .95. 02% F1 95. 08% .
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FE TR 43 2 o 45 LA AR R I T A

(4)MobileNetV3 — ECA P 510K B i J3 75
TZACHE T3, 78 X A 45 28 R A R TR Rb 2R Y
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