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Fig.3 Statistics of accuracies for neural networks with different hidden layer nodes
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Table 3 Statistics of accuracies of different training functions (%)
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Fig.5 Prediction results for sediment

Fig.4 Training processes

engineering classification
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Table 4 Comparison of prediction results and actual results of marine sediment engineering

classification based on Neural Network
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Study on Engineering Classification of Fine Submarine
Soil Based on Artificial Neural Network

DU Xing'?, SUN Yong-fu"*?, SONG Yu-peng'?, ZHANG Mu-zi'
(1. First Institute of Oceanography . MNR, Qingdao 266061, China;
2. Marine Geology and Environment Laboratory Process, Pilot National Laboratory for
Marine Science and Technology (Qingdao), Qingdao 266235, China;
3. National Deep Sea Center , Qingdao 266237, China)

Abstract; The engineering naming of marine sediments plays an important role in the development of ma-
rine engineering construction. However, the naming of silt and clay in the seabed is easy to be affected by
human factors. Using the artificial neural network method, this study trained 284 sets of fine-grained soil
data in Chengdao sea area of the Yellow River estuary and proposed a naming method using granularity da-
ta. Results showed that the method of artificial neural network performs well in fine submarine soil engi-
neering naming. The accuracy of net naming is the highest, which as high as 97.7%, when the network
contains 5 input layer nodes, 9 hidden layer nodes, 3 output layer nodes, and scaled conjugate gradient as
the training function. The number of training data is an important factor that causes errors in neural net-
work prediction. With increasing data volume, the reliability and universality of the network will become
higher and higher.

Key words: artificial neural network; engineering naming; seabed fine-grained soil; Yellow River Estuary silt

Received: August 26, 2019



