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Abstract

Flooding is a major type of ship accident. When flooding is occurred, to prevent for additional flooding or capsizing,
first action is very important. Because of the Reinforced rule of the ships, ship’s structure is more complicated than
before. Therefore, find a flooded compartment on the ship is difficult problem. Also, worker has been safety problem
at finding flooded compartment moments.

This paper describes predict a flooded compartment using ship motion. Ship motions data is calculated by ANSYS
hydrodynamic diffraction and by using Deep Neural Network(DNN), predict flooded compartment fast and exactly in
iregular waves.
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Fig. 1 Compartment arrangement of the model

Table 1 Main principles of the model

Length 100m
Breath 40m
Depth 25m
Draft 14.5m
Displacement 59,450¢0n
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22 66055.140n OlCt,

Table 2 Center of gravity of each case

Center of gravity
Flooded Compartment

x(m) y(m) z(m)
No. 1 54 1 =5.77
No. 2 54 -1 -5.77
No. 3 52 1 =5.77
No. 4 52 -1 -5.77
No. 5 50 1 -5.77
No. 6 50 -1 -5.77
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where (1)
H_ is Significant Wave Height.
T, is Zero Crossing Period.
wis Frequney(rad/sec).
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Fig. 2 Simulation model
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Fig. 3 Simulation model (X-coordinate view)
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where

= _ (2)
d is a noramlized data.

d is a data be fore normalize.

min v s a min value of the feature.

max v is a maxvalue of the feature.
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Table 3 Example of data set

Accuracy per step (2 layer)

—— Train accuracy

Validation accuracy

7 Accuracy per step (2 layer)

Accuracy perstep ( 3 layer)

80 -{ﬂmﬁﬂwwﬂ

= Train accuracy

Validation accuracy

8 Accuracy per step (3 layer)

Response at 0.0s Response at 0.1s

Response at 2.0s

Flooded compartment

(Roll, Pitch, Yaw)[deg] | (Roll, Pitch, Yaw)[deg] (Roll, Pitch, Yaw)[deg]
—9.045 | 4.556 | —0.355|-9.048 | 4.556 | —0.355 -9.103 | 4.538 | —0.358 No. 1
9.045 | 4.556 | 0.355 | 9.049 | 4.556 | 0.355 9.108 | 4.538 | 0.358 No. 2

Response at 148.1s
(Roll, Pitch, Yaw)[deg]

Response at 148.0s
(Roll, Pitch, Yaw)[deg]

(Rall,

Response at 150s

Pitch. Yaw)[deg] Flooded compartment

21.043 | 0.147 | -35.82 | 18.813 | 0.139 |-36.068

-3.172

0.909 |-37.945 No. 4
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Fig. 9 Accuracy per step ( 4 layer)

Accuracy perstep ( 5 layer)
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Fig. 10 Accuracy per step ( 5 layer)
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Fig. 11 Accuracy per step ( 6 layer)
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Table 4 Accuracy of each case

Number of Train set |Validation set| Data set
Hidden layer | accuracy(%) | accuracy(%) | accuracy (%)
2 98.82 88.46 96.04
3 99.61 94.87 96.26
4 99.61 93.59 94.72
5 91.80 84.62 87.03
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