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Naval ship could face a variety of threats in isolated seas, In particular, fires and flooding are defined as disasters that are very likely

to cause irreparable damage to ships, These disasters have a very high risk of personal injury as well, Therefore, when a disaster

occurs, it must be quickly suppressed, but if there are people in the disaster area, the protection of life must be given priority, In order

to quickly evacuate the ship crew in case of a disaster, we would like to propose a plan to quickly explore the evacuation route even

in urgent situations, Using commercial escape simulation software, we obtain the data for deep neural network learning with simulations

according to aisle characteristics and the properties and number of evacuation person, Using the obtained data, the passage prediction

model is trained with a deep learning, and the passage time is predicted through the learned model, Construct a numerical map of

a naval ship and construct a distance matrix of the vessel using predicted passage time data, The distance matrix configured in one

of the path search algorithms, the Dijkstra algorithm, is applied to explore the evacuation path of naval ship,

Keywords : Deep learning(El21d). Evacuation path(CHI| AZ). Numerical map(£=x| X|&), Diikstra algorithm(CIUAER LT12|5)
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Table 3 Validation data Mean Absolute Error(sec)

Table 1 Horizontal path parameter

Parameter Entity Unit(interval)
Walking speed 2~4 1(m/s)
Path width 500~1500 100(mm)
Number of persons 1~10 1(-)
e =

Table 2 Slope path parameter

Parameter Entity Interval(Unit)
Walking speed 2~4 1(m/s)
Path width 300~1000 100(mm)
Number of persons 1~10 1(-)
Path angle -80~80 10(degree)
ol e =
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Optimizer Dense Hidden Lavel  gxaxi 16X8x 1 32x16x1 64x32x 1 128x64x 1
Adam(Leamning rate=0.001) 1.4749e-03 8.5221e-04 6.1287e-04 5.7174e-04 5.3470e-04
Adam(Learning rate=0.01) 6.5287e-04 5.4408e-04 5.3318e-04 5.5239%e-04 4.2081e-04 |

RMSprop 1.8067e-03 1.1857e-03 6.6833e-04 7.3732e-04 5.6770e-04
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Table 4 Deep neural network fully connected layer design

Layer Nodes
Input layer 4
1% Hidden layer 128
Fig. 3 Horizontal path evacuation simulation 2™ Hidden layer 64
Output layer 1

Table 5 Deep learning hyper parameter

Hyper parameter Entity
Training data 3,127
Validation data 1,043
Batch size 32
Optimizer ADAM
Fig. 4 Slope path evacuation simulation Epochs 200
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Table 6 Evacuation time of according to the number of
persons by case

Persons Casq Case 1 Case 2 Case 3
1 33.4 sec 33.2 sec 40.4 sec
2 38.6 sec 39 sec 46.7 sec
3 40.5 sec 39.4 sec 48 sec
4 48.2 sec 45.8 sec 55.3 sec
5 47.9 sec 46.4 sec 56 sec
6 51.3 sec 46.7 sec 57.4 sec
7 56.1 sec 52 sec 63.3 sec
8 58.3 sec 56.7 sec 68.1 sec
9 62 sec 58.3 sec 70.7 sec
10 66.1 sec 62.7 sec 75 sec
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