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The Application of Genetic Algorithm for the Identification of Discontinuity Sets

Yong-Bok Jung and Choon Sunwoo

Abstract One of the standard procedures of discontinuity survey is the joint set identification from the population
of field orientation data. Discontinuity set identification is fundamental to rock engineering tasks such as rock mass
classification, discrete element analysis, key block analysis, and discrete fracture network modeling. Conventionally,
manual method using contour plot had been widely used for this task, but this method has some short-comings
such as yielding subjective identification results, manual operations, and so on. In this study, the method of
discontinuity set identification using genetic algorithm was introduced, but slightly modified to handle the orientation
data. Finally, based on the genetic algorithm, we developed a FORTRAN program, Genetic Algorithm based
Clustering(GAC) and applied it to two different discontinuity data sets. Genetic Algorithm based Clustering(GAC)
was proved to be a fast and efficient method for the discontinuity set identification task. In addition, fitness function
based on variance showed more efficient performance in finding the optimal number of clusters when compared
with Davis - Bouldin index.
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START

For each chromosome i in the population
-Generate K, in the range {K,,, K.,
-Select K, points randomly from data
-Distribute these points randomly in the

chromosomes
-Set flagbit to 0 for unfilled positions

l

For each chromosome i in the population
-Extract K| centers
-Perform clustering by assigning each point to

the closest cluster
~Compute fitness (DBI or variance)

l gen=gent+]
elitism
~Selection
-Single point crossover with
-Mutation performed with

gen < max_gen
and CC > 1.0%

Output best chromosome
STOP

Fig. 1. Flowchart of GAC program
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Table 1. The variation of GAC control parameters

fARgTEEY 58

o s 7HsAS it weiel ARz 2717
2 A% HM3) 2T FBL opAut viEe W
AAIzie] F7RICL wheb GAE o)§3 EAIZ &
07 G A9 BRI B4 mef ol AolusE
24 "azt vk

2 Aol 71Xe] 2 et BEWFS THIE
2 DIPS T2 o) Z3tE JTDistS AMEsle] 29
At Apdsion ale) Aolieg P Tabl
17} o] AoPAsS WEAZHA & 72711 H 5o
ol 2ol Azol et 2 e SuEsich £ 72
8] 24 At Aoluise] ol WAl DBI W VI =
5 3je) 2o= EAsgor APE PE TS
o} o)k 27 o] AZHORE HakshA Pl
=P 42 SYT kg Y€ Aow A,
W 7 2R NES] GlolAE HolE By

DBIS] B %—& 3523, VIo] 3% 25632 VIAJ
7188 AR A SASET} ok W) Table 2

+ B4 At gk 3709 Foll i3t HAY ARl =

Control variables Values Remark
Population size (PS) 50 100 150 -
Crossover probability (Pc¢) 0.2 0.4 0.6 0.8 Ixdx3x2 = T2 cases
Mutation probability (Pn) 0.001 0.005 0.01 -
Fitness function DBI VI - -

Table 2. Statistics of synthetic joint sets and estimated results

Set True mean direction(DIP/DD*) Estimated mean direction(DIP/DD*) No. of data
1 60/120 61/120 100
2 25/220 26/219 120
3 85/65 83/66 130
*DD : Dip direction
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Fig. 2. The

variation of (a) fitness and (b) cluster number during evoélution(Pc = 0.6, P, = 0.01, PS = 100, DBI)
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Fig. 3. The lower hemispherical projection of (a) original joint data and (b) clustered joint data(Pc = 0.6, P, = 0.01, PS

= 100, DBI)
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Fig. 5. The variation of cluster numbers during evolutions
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Fig. 6. The variation of fitness during evolutions
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Table 3. Mean directions of five discontinuity sets

400

SET Experts(DIP/DD) GAC(DIP/DD)
1 44/112 44/111
2 45/243 45/244
3 44/288 45/291
4 78/186 79/188
5 80/109 83/107
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