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Abstract

The purpose of this paper is to develope a neurofuzzy system for a ship design which can
determine efficiently design values e.g. principal dimensions and hull factors in a conceptual
design. The neurofuzzy system for a ship design(NeFHull) applies a information about given
input-output data to fuzzy theories and deals these fuzzificated values with neural networks,
e.g. first, redefines normalized input-output data as membership functions and then executes
these fuzzficated information with backpropagation neural networks. We use a hybrid leaming
algorithm in the training of neural networks and examine the usefulness of suggested method
through mathematical and mechanical examples.
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Table 1 Input-output data

No. 2! l Zy l Z3 l 24 T Y No. L2t I Z3 , 23 ‘ Zy [ Yy
Training Data Test Data

1 1 3 1 1 1111 21 1 1 5 1 9.545
2 1 5 2 1 6.525 22 1 3 4 1 6.043
3 1 1 3 5 10.19 23 1 5 3 5 5.724
4 1 3 4 5 6.043 24 1 1 2 5 1125
5 1 5 5 1 5.242 25 1 3 1 1 11.11
6 5 1 4 1 19.02 26 5 5 2 1 14.36
7 5 3 3 5 14,15 27 5 1 3 5 19.61
8 5 5 2 5 14.36 28 5 3 4 5 13.65
g 5 1 1 i 27.42 29 5 5 5 1 12.43
10 5 3 2 1 15.39 30 5 1 4 1 19.02
1A 1 5 3 5 5724 31 1 3 3 5 6.380
12 1 1 4 5 9766 32 1 5 2 5 6.521
13 1 3 5 1 5.870 33 1 1 1 1 16.00
14 1 5 4 1 5.406 34 1 3 2 1 7.219
15 1 1 3 5 10.19 35 1 5 3 5 5.724
16 5 3 2 5 1539 36 5 1 4 5 19.02
17 5 5 1 1 19.68 37 5 3 5 1 13.39
18 5 1 2 1 21.06 38 5 5 4 1 12.68
19 5 3 3 5 14.15 39 5 1 3 5 19.61
20 5 5 4 5 12.68 40 5 3 2 5 15.39
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Table 2 Design conditions and variables
£x10° < AFWTon) < 310x10°
110 < A&E(Knot) < 160
95 < E Fm < 214
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0.4598 0.5863 0.7210 0.8556

Fuzzy units 2 . dead weight

0
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Fuzzy units 3 : speed

oL e T

0.1425 0.2280 0.3172 0.4064 0.4995 0.5095 0.570%1 0.6307

1 Fuzzy units 4 : design draft

0.0054 0.0973 0.2186 0.3398 0.5005 0.6037 0.7266 0.8502

Fig.8 Premise fuzzy units resulted by
NeFHull modeling for LBP & B
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