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Abstract To solve the problems of high difficulty and poor real-time detection of traditional cage chicken
vocalization, this paper proposes a chicken vocalization detection algorithm based on lightweight
TransformerCNN. Firstly, by introducing the EfficientViT lightweight network to replace the original
backbone network, the number of parameters and computational complexity are reduced, and the real-time
performance of network algorithm detection is improved; Secondly, replacing RelLU with Hardswift
activation function can improve the recognition accuracy of the model without adding additional weights and
bias parameters. Finally, by combining linear self-attention mechanism instead of traditional Softmax

operation, the model’s ability to capture chicken vocalization features is further enhanced, improving the
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robustness of detection. The results show that: 1) Compared with the basic TransformerCNN model, the

introduction of EfficientViT, linear self-attention, and Hardswift activation function significantly improves the

inference speed and computational complexity of the model. Although the average accuracy slightly

decreases, it performs better in real-time performance and lightweight nature. 2) Compared with other

lightweight backbone networks, EfficientViT has significant advantages in inference speed, computational

complexity, and model storage requirements, making it suitable for real-time audio classification tasks. 3)

Compared with mainstream audio classification models, TC+EfficientViT has improved detection accuracy,

real-time performance, and model size, which can better meet the requirements of efficient and real-time

deployment. In conclusion, in the intelligent welfare breeding environment, through contactless detection of

chicken vocalization, a database of vocalizations in cage chicken populations can be established,

providing key data for further analysis of chicken health status.

Keywords cage chicken farming; voice recognition; lightweight model; real-time detection; efficientViT
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Fig. 2 Comparison between the original audio (a) and the denoised audio (b)
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Table 3 Analysis of ablation using different improved modules

FT M AR BOERE TR/ ARER/Y FIMEY% MK FEBE/G
EfficientViT Linear attention mechanism Hardswish ~ Accuracy Recall F1 AIT/s FLOPs

X X X 97.6 92. 4 95.0 12 4.5

N X X 95. 8 88.3 91.5 15 4.0

N NG X 96. 1 89. 4 92.0 30 3.6

NG NG NG 97.0 91.8 94. 4 44 3.2

WX RREBRM AR VR REH B,

Note : X indicates that the corresponding module is removed , ~/ indicates that the corresponding module is contained.
A HWERR 2y 97, 0%, 4fE 3 3 B2 3K 44 ATT /s, B 92.3% . H 5 & 20 AIT/s i) MobileNetV3, P &
Al R B F 34 Mb, 7% s B &= LN R HE B O 96.4% . HfE HL M OJE 33 AIT/s B
TransformerCNN ) 30.5% . & i i % & 5wl ShuffleNetV2, Z58R £ ,EfficientViT i i £ K
BN BE 0.6 A A 40 i {0 JLHE B 0 B2 AMEE N SHRES BRI, E 4
2675, B S8R D 3200, I TUHEMR R RIERERSITESCRE T HRAR L.

x4 HRATRBRERTTMEI LS

Table 4 Comparison analysis results of lightweight backbone networks

B 4 B WeBi /% RER/Y FUM/Y% WMEE/  EAGE/G BN /Mb
Model name Accuracy Recall F1 (AIT/s) FLOPs Model size
TransformerCNN 97.6 92.4 95.0 12 10.5 50
TC+ MobileNetV3 92.3 93.2 92.7 20 4.0 40
TC+ ShuffleNetV2 96.4 94.1 95.2 33 .5 42
TCH FasterNet 94.8 92.4 93.6 30 5.2 35
TCHEfficientVit 97.0 91.8 94.4 44 3.2 34
2.4 FRREREMEEEI LS 1 28.3%. M1 # T i # R 94,800 i # H BE

Hi 2% 5 A, 28 AH G 3 I A 43 SRR X L 15 AIT/s 19 VGGish, A8 e D) 457 AH U4 B2 1Y []
Hr , TCHEfficientViT #E # % K 97.0%, # it W HARCRIE T 19300 0 AR BoR B TR E AR
Faster R-CNN {1 91. 2% FI LSTM # 90. 7% , 3 8 18 480 /Y BT SR W | AE 98 76 B& I 55 B A9 [8) ik,
VGG16 1 96.5% . H #E # 3 JiE 3k 44 AIT/s, A T A2 RS AL 5% B 3 T S ARG 5 i & B Y
VGG16 [ 3. 7% BRI BN 34 Mb, (U VGG16 7R,

£S5 HXERSEEEXLLSHT

Table 5 Comparison analysis of mainstream models

H T 44 B MW R/ 0 R/ % FUE/% B/ FLi8/G BRI/ Mb

Model name Accuracy Recall F1 CAIT/s) FLOPs Model size
FasterR-CNN 91.2 90.5 90.8 28 15.2 100
VGG16 96.5 92.9 94.6 12 13.4 120
VGGish 94.8 93.5 94.1 15 7.5 80
LSTM 90.7 90.4 90.6 16 5.5 60
TCH EfficientVit 97.0 91.8 94.4 44 3.2 34
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