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Study on Multibeam Sonar Elevation Data Prediction Based on Improved CNN-BP

XIONG Haojie and WEI Yi

School of Automation, Wuhan University of Technology, Wuhan 430000, China
Abstract In order to establish an accurate multibeam sonar elevation data prediction model and solve the problem of the accuracy
of air-squared prediction of artificial reefs,a multibeam sonar elevation data prediction method based on a combined model of im-
proved convolutional neural network(CNN) and BP neural network is proposed. First,the improved CNN is used to extract topo-
graphic trend features by full convolutional operation of the elevation data,and then input to BP to further explore the internal
topographic trend change pattern,so as to achieve the prediction of multibeam sonar elevation data. Experiments are conducted
with multibeam sonar elevation data from a submarine ranch and cross-validated using the null square volume of artificial reefs.
Finally,it is compared with the traditional kriging, BP,GA-BP,and PSO-BP models. The results show that the improved CNN-BP

model performs the best prediction results on multibeam sonar elevation data and artificial reef air-square volume, which verifies

the feasibility.reliability and high accuracy of the proposed method.
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3.2 MR

ST R LT Hb DT AR R A I kSR, AR SCOR 3 O iR 2
MSE - ¥ 4a%F 5 22 MAE BE8IH] 2 R AL R 3X 3 A48 b Xt T
W25 B HATIEE . MSE,MAE, R 435 =t (2) — 2 () iR -

M5E=}Ti<y,—§,> 2
i=1
1 n A
MSE:7Z\yfy,\ (3)
i=1
Sy —y)?
R=1-""— 4
2 (yi—y)?
i=1

FEHL Y, 2 A TR R R O T A5 5, R 0 2
S0 sy, h RO Y s S TN 5 P A
3.3 AEEREMNERSH

S 3 5 1 2% U 6 CNIN-BP 488 70 B 68 ) 19 3%
45 3208 2 LR 6 07 U S 0 3 LR A T 4
LR R, PRI R R IR B T S AT ST B L KRR T 5 4 0
U 45 5 5 00 B AT L 4 Rt 1 BT

* 1 AFEBUZR o B

Table 1 Comparative analysis of different convolution kernels
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Fig.5 Artificial reef data set
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