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Acoustic resonance level estimation based on multi-branch CNN and Attention
JI Zhiyong, ZHANG Linjie, QI Guohong, YANG Changchang

(School of Telecommunications and Intelligent Manufacturing, Sias University, Zhengzhou 450000, China)

Abstract: In complex environments, level measurement methods based on the principle of acoustic resonance are often
characterized by the acquisition of distorted acoustic signals, which leads to the omission of some Resonance Frequency(RF) points
in the extracted sequences, resulting in non-negligible computational errors. To address this problem, fault diagnosis models are
commonly used to detect the location of defective points in the sequence and then compensate for them. However, traditional fault
detection methods still have limitations in extracting global and local features of fault data, and the rise of artificial intelligence and
deep learning methods provide new ideas to solve this problem. To this end, this paper proposes a multi-branch Convolutional
Neural Network( CNN) and attention mechanism based method to estimate the liquid level height. The experimental results show
that the model performs well in various liquid level measurement tasks, and compared with the traditional acoustic resonance
measurement model, single-scale CNN-attention mechanism model, and multiscale CNN model, the measurement accuracy of the
proposed method is greatly improved, and the loss function MSE is reduced to 0. 0361.
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Fig.1 Structure of acoustic resonance level measurement platform
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Fig.2 Presence of false resonance points when extracting resonance points (L=1.6 m)
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Fig.3 Presence of missing resonance points when extracting resonance points (L=1.6 m)
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Table 1 Parameters and output dimensions of multi-branch CNN

A

BOoms

i 1 AE

SR

Conv2d-1
ReLU-2
MaxPool2d-3
Conv2d-4
ReLU-5
MaxPool2d-6
AdaptiveAvgPool2d-7
Conv2d-8
BatchNorm2d-9
ReLU-10
MaxPool2d-11
Conv2d-12
ReLU-13
MaxPool2d-14
AdaptiveAvgPool2d-15
Conv2d-16
BatchNorm2d-17
ReLU-18
MaxPool2d-19
Conv2d-20
ReLU-21
MaxPool2d-22
Dropout-23
AdaptiveAvgPool2d-24
CNN-Reduce

Multihead Attention-26

Linear-27
ReLU-28
Linear-29

Low-Freq-CNN
Low-Freq-CNN
Low-Freq-CNN
Low-Freq-CNN
Low-Freq-CNN
Low-Freq-CNN
Low-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
Mid-Freq-CNN
High-Freq-CNN
High-Freq-CNN
High-Freq-CNN
High-Freq-CNN
High-Freq-CNN
High-Freq-CNN
High-Freq-CNN
High-Freq-CNN
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Fature-Fusion
Fature-Fusion

Fature-Fusion
Fature-Fusion

Fature-Fusion

[ batch, 16, 50, 43]
[ batch, 16, 50, 43]
[batch, 16, 50, 21]
[ batch, 32, 50, 21]
[ batch, 32, 50, 21]
[batch, 32, 50, 10]
[batch, 32, 1, 1]
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[ batch, 32, 50, 43]
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batch, 32, 50, 21]
batch, 64, 50, 21]
batch, 64, 50, 21]
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[ batch, 64, 50, 43]
[batch, 64, 50, 43]
[ batch, 64, 50, 21]
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[ batch, 1]
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Table 2 MSE of resonance waveforms processed by four different

methods
WAL Ty MSE
Tradition-AR-Model 0.249 0
Multi-CNN-Model 0.139 1
Single-CNN-Attention-Model 0.106 7
Multi-CNN-Attention 0.036 1
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Table 3 Level estimates based on the multi-branch CNN-Attention

model
No. L/ m L &
1 0.6 0.6717 0.0717
2 0.8 0.883 1 0.083 1
3 1.0 1.090 0 0.090 0
4 1.2 1.110 0 0.090 0
5 1.4 1.310 0 0.090 0
6 1.6 1.513 0 0.087 0
7 1.8 1.860 9 0.060 9
8 2.0 2.066 5 0. 066 5
9 2.2 2.294 0 0.094 0
10 2.4 2.3197 0.080 3
11 2.6 2.550 7 0.049 3
12 2.8 2.8310 0.0310
13 3.0 3.094 3 0.094 3
14 3.2 3.2133 0.013 3
15 3.4 3.487 1 0.087 1
16 3.6 3.5100 0.090 0
17 3.8 3.730 4 0.069 6
18 4.0 3.9350 0.065 0
19 4.2 4.281 3 0.081 3
20 4.4 4.3559 0.044 1
21 4.6 4.565 8 0.034 2
22 4.8 4.7355 0.064 5
23 5.0 4.916 4 0.083 6
24 5.2 5.2855 0.0855
25 5.4 5.493 3 0.093 3
26 5.6 5.614 0 0.014 0
27 5.8 5.3149 0.074 1
28 6.0 6.084 4 0.084 4
29 6.2 6.273 3 0.073 3
30 6.4 6.4857 0.085 7
31 6.6 6.526 5 0.073 5
32 6.8 6.735 1 0.064 9
33 7.0 6.9259 0.074 1
34 7.2 7.185 8 0.014 2
35 7.4 7.316 0 0.094 0
36 7.6 7.5853 0.014 7
37 7.8 7.716 0 0.084 0
38 8.0 7.929 6 0.070 4
39 8.2 8.0855 0.114 5
40 8.4 8.246 4 0.153 6
41 8.6 8.586 5 0.013 5
42 8.8 8.636 7 0.163 3
43 9.0 9.113 8 0.113 8
44 9.2 9.116 3 0.093 7
45 9.4 9.236 5 0.163 5
46 9.6 9.1859 0.084 1
47 9.8 9.285 8 0.074 2
48 10.0 9.3857 0.064 3
49 10.2 10.386 1 0.186 1
50 10.4 10.221 2 0.178 8
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