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Fuzzy Clustering Method for the Identification of Joint Sets

Yong Bok Jung and Seok Won Jeon

Abstract The structural behaviour of rock mass structure, such as tunnel or slope is critically dependent on the
various characteristics of discontinuities. Therefore, it is important to survey and analyze discontinuities correctly
for the design and construction of rock mass structure. One inevitable procedure of discontinuity survey and analysis
is joint set identification from a lot of raw directional joint data. The identification procedure is generally done
by a graphical method. This type of analysis has some shortcomings such as subjective identification results, inability
to use extra information on discontinuity, and so on. In this study, a computer program for joint set identification
based on the fuzzy clustering algorithm was implemented and tested using two kinds of joint data. It was confirmed
that fuzzy clustering method is effective and valid for joint set identification and estimation of mean direction and
degree of clustering of huge joint data through the applications.
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Cluster 1

Cluster i

Fig. 1. 2D illustration of the geometric meaning of cluster centroids and distance of an observation from these centroids

(After Hammah & Curran, 1999).
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Fig. 2. Flow chart of the FKM algorithm for the clustering of discontinuity orientation data.
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Table 1. Various cluster validity criteria.

Type Criteria Equation ETC
Fuzzy hyper-volume (Fav) Fuy= 2[ det(F )12 Min
Average partition density(Dpa) Dp=1/K gsi/ [det(F )12 Max
Partition anSityG)D) PD= S/FHV Max
Nm o X 2 .
Xic-Beni index(XB) WU V30 = f& ﬁ&(”") [ X— Vil Min
* N(Inll’l i*k{ ' V,*— Vk I 2})

* F; ; fuzzy covariance matrix, S; : sum of central members, S= flsi
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Table 2. Synthetic joint data for fuzzy clustering.

o2 BAS 9% HA SPAE 7Y

1 205/47 25 28°
2 300/35 20 25°
3 82/57 45 30°

Table 3. Performance measures for the CASE I(simulated joint data).

. Number of .
Distance measure clusters (NK) Fav Pp XB Iteration steps
2 4339.5760 4387.3305 0.2742 6
3  7866.5276 8152.9059 0.0671 19
Eqn.(9) ki R
4 6891.8850 7150.0755 0.4267 61
5 5758.4640 5720.0280 0.6359 15
2 5241.5698 6004.0021 0.1087 8
3 5214 | 81553538 0.0667 10
Eqn.(11) o i
4 0.0989 6953.2945 7205.7553 0.3166 41
5 0.1159 6001.5393 6274.5444 0.2602 27

Table 4. Estimated mean direction and Fisher constant of each joint set for the CASE I(NK=3).

Distance measure | Joint set |Mean direction (dip direction/dip)| Fisher's K Eigen values
1 207/46 29.6 0.0323 < 0.0341 < 0.9334
Eqn.(9) 2 299/35 31.7 0.0304 < 0.0315 < 0.9379
3 83/57 42.4 0.0200 < 0.0266 < 0.9533
1 207/46 29.6 0.0321 < 0.0343 < 0.9335
Eqn.(11) 2 299/35 31.7 0.0303 < 0.0316 < 0.9380
3 83/57 42.3 0.0197 < 0.0270 < 0.9532

P N i
A NS N
] AN

&
\**u.mw

"~

- |

(a) hyper-spherical distance measure

Fig. 3. Results of fuzzy clustering for CASE I(NK=3).
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Fig. 4. Joint orientation data for CASE II.
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Table 5. Performance measures for the CASE II.
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Fisher AYE Table 6°] 3 2
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(b) contour
g,
F34 ZF o By
ATt AsH e ge

Distance Number of .
measure clusters (NK) Fuv Dpa Pp Xs Iteration steps
3 0.1719 429.9635 445.6097 0.0952 70
4 0.1463 564.7309 568.5249 0.1461 13
Eqn.(9) ‘
5 0.1623 515.6395 524.6513 0.4166 35
6 0.1598 513.5455 522.8120 0.3679 13
3 0.1675 437.3086 452.5957 0.0928 9
4 0.1433 580.9255 584.0271 0.1385 15
Eqn.(11)
5 0.2032 352.8957 484.5015 0.1001 15
6 0.1579 543.5466 552.549 0.3703 13

Table 6. Estimated mean direction and Fisher constant of each joint set for the CASE II(NK=4).

Distance . Mean direction . . .
measure Joint set (strike/dip-right) Fisher's K Eigen values
1 127/46 259 0.0255 < 0.0500 < 0.9244
2 220/66 25.6 0.0339 < 0.0427 < 0.9232
Eqn.(9)
3 348/67 28.1 0.0269 < 0.0430 < 0.9300
4 91/67 26.6 0.0330 < 0.0406 < 0.9262
1 126/46 25.7 0.0235 < 0.0528 < 0.9236
2 220/66 26.2 0.0330 < 0.0418 < 0.9250
Eqn.(11)
3 347/68 28.0 0.0264 < 0.0437 < 0.9298
4 91/67 27.7 0.0300 < 0.0407 < 0.9291
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(a) hyper-spherical distance measure

Fig. 5. Fuzzy clustering results for CASE 11 (NK=4),
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