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[Abstract] Airborne Lidar has been widely used in underwater terrain mapping and other fields. Aiming at the
problems of low accuracy and slow speed of underwater obstacle detection and identification, two networks of
target classification and target detection based on YOLOvV5 algorithm were designed in order to realize the
detection and identification of underwater obstacles. With the ConvNeXt Block module, the backbone
networks of both the classification and detection models were optimized, enhancing the networks' ability to
extract features of small targets in LIDAR images and improving the accuracy of target classification and
detection. The EloU loss function was selected as the Bounding Box Regression loss function for the detection
network, which improved the model's convergence speed and target prediction accuracy. Experimental results
show that the classification accuracy of the improved classification model can reach 96.8%, representing a 3.2%
increase compared to the original classification model. Additionally, the precision and mean average precision of
the improved detection network increased by 3% and 2.8%, respectively, compared to the original detection

network.
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