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Abstract

Until now, Korean shipyards have accumulated a great amount of data. But they do not
have appropriate tools to utilize the data in practical works. Engineering data contains
experts’ experience and know-how in its own. It is very useful to extract knowledge or
information from the accumulated existing data by using data mining technique. This paper
treats an evolutionary computation based on genetic programming (GP), which can be one
of the components to realize data mining. The paper deals with linear models of GP for the
regression or approximation problem when given learning samples are not sufficient. The
linear model, which is a function of unknown parameters, is built through extracting all
possible base functions from the standard GP tree by utilizing the symbolic processing
algorithm. In addition to a standard linear model consisting of mathematic functions, one
variant form of a linear model, which can be built using low order Taylor series and can be
converted into the standard form of a polynomial, is considered in this paper. The
suggested model can be utilized as a designing tool to predict design parameters with
small accumulated data.
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Table 1

Mathematic functions used for GP functions
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€OS, acos, Sec, asec, sin, asin, c¢sc, acsc, tan, atan, cot, acot, cosh, acosh, sech, asech, sinh, asinh, csch,

tanh, atanh, coth, acoth, sqrt, exp, log(In), iexp(1/exp)

Table 2 Taylor series used for GP functions

Symbol | Math. function | Taylor series Symbol | Math. function | Taylor series

tcos cos(x) 1-1/2x* | thsart (1+ x)"'? 1+1/2x—1/8x* +1/16x
tsec sec(x) 1+1/2%% | Isat (14572 | 1-1/2x+3/8x> —5/16x°
tsin sin(x) x—1/6x> | texp exp(x) 1+x+1/2x* +1/6x°
ttan tan(x) x+1/3%° | tlosg log(1+ x) x—1/2x* +1/3x°

teosh. | cosh(x) 1+1/2%% | tilpx (1+x)" 1-x+x"—x

tsinh sinh(x) x+1/6x° | 12X (1+x)7 1-2x+3x% —4x°

ttanh tanh(x) x—1/3%° |texpsin | exp(sin(x)) | [+ x+1/2x°

tlogeos | log(cos(x)) | —1/2x texptan | exp(tan(x)) | |4 x+1/2x% +1/2x°
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c. The best result of LM-GP. d. The best result of PLM-GP.
Fig.2 Fitting results of the Rosen Brock’ s function with noiseless samples.
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0.995 - 1.404x2 - 2.859x1 + 6.883E-1x2"2 + 3.217x1x2 - 1.407E1x1"2 - 4.718E-1x1x2"2 - 1.667E-1x2"3 + 1.182E2x1"3 -
1.481x172x2 + 6.665E-3x1x2"3 - 7.959E-1x13x2 - 1.957E-1x1"2x2"2 - 4.123E2x1"4 + 2.651E-1x1x2"4 - 9.611E-1x174x2 +
9.560E2x175 + 7.688E-1x12x273 - 2.171x1/3x2"2 - 1.663E3x1"6 - 1.050x1"4x2"2 - 2.941x1/5%2 - 1.750Ee1x1/2x2"4.

-1.017E-1x1/7x277 - 1.533E1x1714 + 1.186E-1x1712x2/2 - 2.209E-1x1/8x2/7 + 6.746E-2x1"11x2"4 - 2.791E-1x1710x2"5 -

3.374E-2x1712x273 - 5.438E-1x179x276 + 3.389E-2x1°9x2/7 + 2.283E-1x1710x276 - 3.858E-2x1712x2°4 - 7.216E-

2x17M1x275 + 3.624E-2x172x275 + 2.455E-2x1710x277 + 6.042E-2x1°11x276 - 3.008E-2x1°12x276 - 3.765E-3x1"11x2"7
Fig.3 The polynomial transformed from the best linear model of PLM-GP

ZEE2 Foll ALEE &4= Rosen Brock &<
(Rosenbrock 1960)0[H, &XI 6x6 JHel &t O
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A0t ALZoIRALH

Rosen Brock &== L1 220
2& M2IHE tS2 Table 3 0t 200

»=1000x, = x)* +(1-x)*

-2<x,<2,i=1.2

L£st Fig.2 = 1 ZU0ICH dl&U=2
GIOIHUMSE LM-GP 2t PLM-GP = 2%
H88 UEULD USE ¢ +
PLM-GP o M8 QURSEH
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, GP Ol At

ne ro o> io

Table 3 The default parameters used for GP

Table 4 The estimation of the principal’
dimensions of bulk carriers.

Population size 300

Max. generation 100

Selection method Tournament with 20 trees

Reproduction

probability 0.15

Crossover probability | 9.7

Mutation probability | o 15

LBP Learning error | LM—-GP 5.36341
PLM-GP 5.66651

NN 5.16004

MARS 5.21958

Test error LM-GP 5.24520
PLM-GP 5.15973

NN 6.09057

MARS 5.66843

B Learning error | LM-GP 0.96482
PLM-GP 0.78226

NN 1.09823

MARS 1.16696

Test error LM-GP 0.91381
PLM-GP 0.91681

NN 1.21973

MARS 1.16952

D Learning error | LM-GP 0.55795
PLM-GP 0.55270

NN 0.50904

MARS 0.48284

Test error LM-GP 0.58693
PLM-GP 0.58824

.NN 0.60698

MARS 0.63974
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¢. The test results of LM-GP.
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£ 28 TS0t Mg =AE HNesk=a 2 oz #8288 = Us T2E MEBE A2 JIH
2X0| UCH XNS2MX Z2& CoIEe EXS A olH, 2=2HC2&= HOIHRRH ®#88 d82 ¥
8t TR0 st =2 23 %0l =oRCHL 1 XAgE =& UWe COIEDOIYS &2 ALZ
ALt 01212 &8 QM B2 S320t igld 2 Z30ICH
2101 AtAlOICH & ¢RE Sol6 SX= oA
340 340
320 - " R0 .
300 4 o Loamingsamples | e 200 4 weoe Leamingsamples | pert
—o— LM-GP —o— PLM-GP
280 4 280
260 260 1
E ‘E' 240
& 240 4 o 1
o ]
~ 220 =~ 220
200 4 3 200 4
180 180
160 - 160 4
140 T v . T T 140 . . T . .
5.00+4 1.0e+5 1.50+5 2.0e+5 2.5e+5 5.0e+4 1.0e+5 1.5e+5 2.0e+5 2.5e+5
Deadweight(ton) Deadweight(ton)
a. The learning results of LM-GP. b. The learning results of PLM-GP.
320 320
WA e 300
280 280 4
260 260
E £
@ 240 A o 240 A
E -+#.. Test samples 3
220 1 o e 220 - .+@.. Test samples
—o— PLM-GP
200 200 4
1804 § 1804 ¢
160 T T T : 160 T T v T
5.0e+4 1.0e+5 1.5e+5 2.0e+5 2.56+5 5.0e+4 1.0e+5 1.5e+5 2.0e+5 2.5e+5
Deadweight(ton) Deadweight(ton)

d. The test results of PLM-GP.

Fig. 4 The results of two linear models for estimating LBP
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