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Dominant partitioning of discontinuities of rock masses based on AGNES

-1 : 1 : 2 1 1
ZHANG Qi’, WANG Qing ', QUE Jin-sheng®, LI Yan-yan', SONG Sheng-yuan
(1. College of Construction Engineering, Jilin University, Changchun 130026, China; 2. North China Power Engineering Co., Ltd., Beijing

100120, China)

Abstract: A large number of random discontinuities are widely distributed in rock masses and have significant influences on
the mechanical and hydraulic properties of fractured rock masses. In the analysis of the mechanical and hydraulic properties of
fractured rock masses, the dominant partitioning of discontinuities of rock masses is an important part, and it is still a key for
establishing the three-dimensional (3-D) network model of random discontinuities. A new method is proposed for the dominant
partitioning of discontinuities of rock mass based on AGNES. In the proposed method we do not need to determine the centers
of every cluster before clustering, and the acnodes or outliers can be eliminated effectively after clustering. Through the
comparison of the proposed method and the fuzzy C-means method applied in the artificial and randomly generated data of
discontinuities, the following conclusions can be drawn. The proposed method is a better method than the fuzzy C-means
method in general cases, and it can get more accurate results by eliminating the acnodes or outliers. Finally, the proposed
method is applied to a practical project, and the results are shown to be satisfactory.
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Fig. 1 Spatial model of discontinuity occurrence
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Fig. 2 Model of AGNES
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Table 1 Parameters of bivariate normal distributions of clusters
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Fig. 3 Pole of artificial discontinuity data
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Table 2 Comparison of specific clustering results between FCM and AGNES
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Fig. 4 Pole of discontinuity data in FCM
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Fig. 6 Pole of artificial discontinuity data with single points
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Fig. 7 Pole of discontinuity data in AGNES

Table 3 Values of XB of different clusters in two methods

TRH 2 3 4 5 6 7 8 9 10
B2 IR 0.1703 0.098 0.094 0.0888 0.1196 0.1183 0.1046 0.1413 0.1256
Bl C ¥k 0.2107 0.1241 0.1628 0.3301 0.2732 0.1947 0.453 0.3849 0.3105
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Fig. 8 Pole of discontinuity data in FCM with three clusters
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Fig. 9 Pole of discontinuity data in FCM with four clusters
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Fig. 10 Pole of discontinuity data in FCM with five clusters
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