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Application of deep learning modéh combined with batch

normalization layer in water target recognition

Sun Yue, Peng Yuan, Jia I@, Cao Lin, Guo Xinyu, Xu Jianqiu
(Science and Technology on Und@ est and Control Laboratory, Dalian 116013, China)
Abstract: In view of the poor stability of deep 1

g in training underwater acoustic targets, resulting in poor classification and

recognition performance, from the perspectives gf local connectivity, spatial arrangement, and model design of the network, based

on the original one-dimensional se volution kernel and one-dimensional sequence pooling, this paper introduces batch

normalization layer to build a de ing network model. By normalizing, the goals of accelerating the convergence process of
the network model and improW stability during the training process are achieved. To verify the effectiveness of the model,
network training and model validation are carried out on sample data of three types of underwater acoustic targets, which proves
that the model also has a certain degree of performance improvement in improving the classification and recognition performance of
underwater acoustic target data.
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