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Abstract: Aiming at the problem of difficulty in feature extraction and identification of wake echo signals
detected by underwater lidar due to instability, an underwater bubbles recognition algorithm based on PCA
feature extraction and elastic BP neural network was proposed. First, slice preprocessing was carried out on the
echo signals collected continuously. Then the PCA algorithm was used to extract the main features of the spliced
high-dimensional samples to determine the number of feature values. Then the parameters of the elastic BP neural
network was selected to determine the number of hidden layer node and the number of features that can achieve
optimal classification. Finally, an indoor wake detection simulation platform was used to realize the identification

of bubbles and interfering targets. The experimental results show that when the hidden node is 12, the increment
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factor is 1.15, and the decrement factor is 0.55, two eigenvalues can be selected to classify the bubbles, non-

bubbles and interfering targets. The recognition rate increases by 13.4% with the increase of bubbles density. At

low density, the average recognition rate increases by 6.3% with the increase of laser energy. The recognition rate

first increases and then decreases with the increase of distance. When the bubbles distance is 2.2 m, the target

peak characteristics are obvious, and the average recognition rate is improved by 3.5%. Compared with adaptive

and additional momentum BP, this method can reduce recognition time and achieve 99.1% accuracy. It is proved

that this algorithm can be effectively and widely used in the recognition of bubbles in the ships wake by lidar.
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Fig.l Experimental device for data acquisition of underwater bubbles;
(b) Photo of the underwater lidar system (inside the metal box);
(c) The laser runs through the bubbles without background light;
(d) Air pump (voltage: 220 V, frequency: 50 Hz, power: 60 W,
transmission volume: 50 L/min); (¢) Bubbles plate (the diameter

of the air bubbles is about 10-200 um); (f) Valve: control airflow
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Tab.1 System parameters

Parameter Value Parameter Value
Wavelength/nm 532 Receiving diameter/mm 80
Pulse width/ns 10 Emission diameter/mm 20
Pulse energy/mJ 10 Emission angle/mrad 1.7
Center distance/mm 100 Receiving angle/mrad 2.5
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Fig.2 Echo signals of bubbles
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Fig.3 Score distribution of the first two principal components
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Fig.4 Iterative convergence of different algorithms. (a) Elastic BP

algorithm; (b) Adaptive and additional momentum BP algorithm
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Tab.2 Training of different hidden nodes
Number of hidden nodes

Training times ~ Convergence time/s
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Fig.5 Underwater bubbles recognition process based on PCA and elastic

BP neural network
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Tab.3 Recognition results under different cumulative contribution rates

Number of eigenvalues 2 11 28
Cumulative contribution rate 39.7% 71.2% 90.6%
No bubbles(correct) 200 200 200 199 200 198 198 195 199
Bubbles(correct) 200 199 198 199 200 200 198 198 198
Glass plate(correct) 196 197 194 198 196 199 198 195 193
Recognition rate 99.3% 99.3% 98.7% 99.3% 99.3% 99.5% 99.0% 98.0% 99.0%
Average recognition rate 99.1% 99.4% 98.7%
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Tab.4 Recognition and contrast results of different

algorithms
Method Recognition Tlme(tr.a{nlng+
rate recognition)/s
Adaptive and additional o
momentum BP 98.3% 48.94
PCA+Adaptive and N
additional momentum BP 96.6% 1015
Elastic BP 98.8% 1.60
PCA-elastic BP 99.1% 1.36
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Fig.6 Echo signals and recognition results under different conditions.
(a) Different targets echo curves; (b) Low density bubbles

recognition rate; (c) High density bubbles recognition rate
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