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Abstract: Discontinuities significantly influence the mechanical and hydraulic behavior of rock masses. 

Identifying and classifying discontinuities into sets with similar orientations is a crucial task in geotechnical 

engineering and mining. The most common method for grouping discontinuities involves the visual 

interpretation of stereographic projection maps. However, this method is limited by subjective factors such as 

personal experience, the size of the counting circle, variations in the frequency of discontinuity sets, outliers, 

and overlap. To overcome these limitations, we propose applying the Fuzzy K-Means algorithm based on the 

Fisher distribution (FFKM), implemented in Scilab as open-source software. This software automatically 

identifies discontinuity sets and calculates their statistical characteristics. Additionally, it determines the 

optimal number of sets and generates stereographic projections of the results. To demonstrate the effectiveness 

of FFKM, it was employed to identify fracture sets in an operational slope in an open-pit iron mine located in 

the Quadrilátero Ferrífero region in Brazil. The FFKM consistently identified the number of fracture sets and 

classified them according to the field data, providing reliable and objective results. 

Keywords: Fuzzy K-Means algorithm, Discontinuity set identification, Stereographic projection analysis, 

Open-pit iron mine, Orientaion data analysis, Clustering algorithms. 
 

 

1. Introduction 

The term discontinuity generally refers to the collective term for all joints, bedding planes, contacts, and 

faults [1, 2]. Discontinuities tend to follow patterns, occurring in sets with similar orientations, appearances, 

and mechanical properties. Parameters such as orientation, spacing, persistence, roughness, filling, aperture, 

and the number of sets, among others, are important characteristics that influence rock mass stability and are 

used to group discontinuity sets. 

The conventional method for grouping information about discontinuity sets typically relies on orientation 

and requires visual interpretation of density contours of discontinuity poles on stereographic projections. This 

process is subjective because the results depend on factors such as personal experience, the size of the counting 

circle, outliers, the frequency of discontinuities in each set, and overlap among the sets [2,3]. 

Thus, this conventional method is not satisfactory in some cases, and machine learning techniques, such 

as cluster analysis, have gradually been adopted to identify discontinuity sets in rock masses [2-10]. 

Related studies in the literature on algorithms for identifying discontinuity sets are primarily based on 

clustering approaches, such as Fuzzy K-Means (FKM) and K-Means [5]. 

The Fuzzy K-Means (FKM) clustering algorithm, introduced by [6] for detecting rock discontinuity 

sets, represents a significant advancement, as it developed a methodology for calculating both the distances 

between discontinuities and cluster validity indices. As a result, FKM and K-Means have become widely 

adopted for clustering discontinuity sets. 
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Several studies have explored strategies for combining FKM and K-Means with intelligent optimization 

algorithms. For instance, [7, 8] integrated FKM with genetic algorithms, while [9] applied K-Means in 

conjunction with swarm intelligence algorithms. In [3], FKM was incorporated with a mutative scale chaos 

optimization algorithm. These algorithms focus on the automatic characterization of discontinuity sets and 

the determination of the optimal number of clusters. A detailed literature review of algorithms related to 

identifying rock discontinuity sets can be found in [1-10]. 

In this paper, we present the application of the Fuzzy K-Means algorithm based on the Fisher 

distribution (FFKM) for identifying rock discontinuity sets. Originally developed by [2], the algorithm was 

implemented in Scilab, an open-source platform designed for scientific and engineering applications. The 

FFKM was validated by [2] using the methods proposed by [6, 8, 9] as benchmark. It accurately identified 

the number of discontinuity sets and produced results consistent with those of other methods. 

A new functionality was added to generate stereographic projections in the equal-area and upper 

hemisphere. Additionally, the original version was revised to resolve certain issues. The main features of the 

algorithm are outlined and demonstrated through a case study using data collected from an operational slope 

in an open-pit iron mine. 

 

2. Software Description 

The FFKM is an unsupervised classification algorithm designed to detect regions with a high density of 

discontinuities. It uses the Fisher distribution to improve the initialization method of the FKM proposed by [6], 

eliminating the need for parameter adjustments or additional intelligent optimization algorithms. FFKM retains 

the fundamental features of FKM and requires only one input parameter: the specification of the maximum 

number of sets into which the data set should be divided (Fig. 1). The software limits this value to a range of 2 

to 8, reflecting the common range of discontinuity sets observed in engineering applications [2-7]. 
 

 
Fig.1. Input window for specifying the maximum number of discontinuity sets 

 

The user selects the data set through an input window, where the discontinuity orientaions are provided 

in a TXT file format (Fig. 2). Additionally, all output files can be saved directly using Scilab, with the added 

advantage that the optimal clustering results are stored in a CSV file format. This allows the clustering 

results to be exported and analyzed using different software. 
 

 
Fig.2. Example of an input data set in TXT format 

 

The software automatically identifies the discontinuity sets and generates the following outputs:(i) 

stereographic projections in equal-area and upper hemisphere; (ii) statistical analysis of the discontinuity 

sets, such as mean orientation, minimum and maximum dip angles and dip directions, and the number of 

discontinuities in each set; and (iii) the determination of the optimal number of sets. Compatible with both 

Windows OS and macOS, the software requires Scilab version 2023.1.0 or higher and is freely available for 

download at: https://github.com/andreklen/FFKM-algorithm.git. 

https://github.com/andreklen/FFKM-algorithm.git
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2.1. Software Development Methodology 

The FFKM evaluates clustering performance using a fuzzy objective function, where lower values 

indicate better clustering results. Cluster centers are then recalculated based on the clustering outcomes and 

membership degrees. This iterative process continues until the cluster centers stabilize, at which point the 

objective function reaches its minimum value [2, 10]. 

The application of the FFKM algorithm for clustering rock discontinuity sets is summarized below, with 

additional details on the algorithm’s steps provided in [2]. To aid understanding, a list of key symbols and 

parameters is included: 

N: Total number of discontinuities 

K: Number of discontinuity set 

Kbest: Optimal number of discontinuity sets determined by the algorithm 

Kmin, Kmax: Minimum and maximum number of discontinuity sets 

j = 1,2,…K 

i =1,2,…N 

Vj : Center of the jth discontinuity set 

ei= (xi, yi, zi): Unit normal vector of the ith discontinuity (equal-area and upper hemisphere) 

𝜶: Dip Direction (°) 

𝜷: Dip angle (°) 

J: Objective function 

Sj: Orientation matrix of the  jth discontinuity set 

uij: Membership degree of the  ith discontinuity in the jth set 

m: Fuzziness indexes defined as 2 

XB: Xie-Beni index 

𝒅𝟐(): distance metric using the sine-squared measure 

𝒙𝒂, 𝒚𝒂: Coordinates of the poles in the stereographic projection (equal-area and upper hemisphere) 

R: stereonet radius is defined as 1 

 

2.2. Main steps of the FFKM algorithm 

Input the orientation data of the discontinuities as dip angle, dip direction (Fig.2), and convert them into 

a unit normal vectors based on Eq.(1) and Fig.3. 

𝒆𝑖 = [𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖] = [𝑠𝑖𝑛(𝛽)𝑠𝑖𝑛(𝛼), 𝑠𝑖𝑛(𝛽)𝑐𝑜𝑠(𝛼), 𝑐𝑜𝑠(𝛽)]                                                            (1) 

Based on the specified number of K, randomly generate K unit normal vectors to serve as the initial 

centers of the discontinuity sets, Vj. Refer to the initialization method outlined in [2]. 

For each ei, compute its distance to each Vj, using the sine-squared measure defined in Eq.(2). 

𝑑2(𝒆𝒊, 𝑽𝒋) = 1 − (𝒆𝒊 ∙ 𝑽𝒋)
2
                                                                                                                 (2) 

 

 
Fig.3. Representation of a rock discontinuity orientation in a counter-clockwise direction 
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 Compute the membership degree, uij, of each ei  with respect to Vj  employing Eq. (3). 

𝒖𝒊𝒋 = [(
1

𝑑2(𝒆𝒊,𝑽𝒋)
)
1/𝑚−1

] [∑ (
1

𝑑2(𝒆𝒊,𝑽𝒕)
)
1/𝑚−1

𝐾
𝑡=1 ]

−1

                                                                 (3) 

 Update Vj, by performing eigen-analysis method on the orientation matrix Sj, (Eq.4). The eigenvector 

associated with the largest eigenvalue represents the update center. 

𝑺𝑗 =

[
 
 
 ∑𝑖=1

𝑁 (𝑢𝑖𝑗)
𝑚

𝑥𝑖
2 ∑𝑖=1

𝑁 (𝑢𝑖𝑗)
𝑚

𝑥𝑖𝑦𝑖 ∑𝑖=1
𝑁 (𝑢𝑖𝑗)

𝑚
𝑥𝑖𝑧𝑖

∑𝑖=1
𝑁 (𝑢𝑖𝑗)

𝑚
𝑦𝑖𝑥𝑖 ∑𝑖=1

𝑁 (𝑢𝑖𝑗)
𝑚

𝑦𝑖
2 ∑𝑖=1

𝑁 (𝑢𝑖𝑗)
𝑚

𝑦𝑖𝑧𝑖

∑𝑖=1
𝑁 (𝑢𝑖𝑗)

𝑚
𝑧𝑖𝑥𝑖 ∑𝑖=1

𝑁 (𝑢𝑖𝑗)
𝑚

𝑧𝑖𝑦𝑖 ∑𝑖=1
𝑁 (𝑢𝑖𝑗)

𝑚
𝑧𝑖

2
]
 
 
 

                                                   (4) 

 Repeat steps 3-5 iteratively until the maximum change in the membership degree between two 

consecutive iterations is less than the threshold (𝜖 = 0.001). 

𝑚𝑎𝑥𝑖𝑗 [|𝒖𝑖𝑗 − 𝒖
∧

𝑖𝑗|] < 𝜖                                                                                                       (5) 

where 𝒖𝒊𝒋 and 𝒖
^

𝒊𝒋 are the membership degree of iterations 𝑡 and 𝑡 + 1, respectively. 

Assign each discontinuity to the set based on its highest membership degree, uij. 

Compute the objective function Eq.(6) and apply the Xie-Beni index (Eq.7) to determine the optimal  

number of discontinuity sets, Kbest. 
 

𝑱 = ∑∑(𝒖𝒊𝒋)
𝑚

𝑑2(𝒆𝒊, 𝑽𝒋) 𝑲 ≤ 𝑵

𝐾

𝑗=1

𝑁

𝑖=1

 

 

𝑿𝑩 =
𝑱

𝑁×min𝑙≠𝑚[𝑑2(𝑽𝒍,𝑽𝒎)]
, ∀ 𝑙, 𝑚 ∈ {1,2, … ,𝑲}                                                              (7) 

 

Outputs: Discontinuity sets for Kmin to Kmax , including stereographic projections, statistical analysis, XB 

indices and  Kbest . The pole coordinates, 𝒙𝒂 − 𝒚𝒂 , in stereographic projections in equal-area, upper 

hemisphere are computed using Eq.(8) as derived from [11]. 
 

𝒙𝒂 = 𝑅√2 (
𝛽

2
) 𝑠𝑖𝑛(𝛼)   and  𝒚𝒂 = 𝑅√2 (

𝛽

2
) 𝑐𝑜𝑠(𝛼)                                                   (8) 

 

The algorithm’s flowchart (Fig.4) clarifies the steps involved in the process. 

 

3. Illustrative Example 

In this section, the capabilities and functionalities of the software are demonstrated through an example 

from an operational slope in an open-pit iron mine located along the western edge of the Quadrilátero 

Ferrífero (QFe) in the central part of Minas Gerais state, Brazil. 

The Quadrilátero Ferrífero (QFe) covers an area of approximately 7,000 km² and is one of the world’s 

foremost mineral provinces. With a rich history of over 300 years of continuous exploration, it is particularly 

renowned for its significant deposits of iron ore, manganese, and gold [11]. The iron reserves in the region 

are primarily composed of itabirites (Banded Iron Formations) with layers of quartz and iron oxides (mainly 

hematite and magnetite), with an average iron content of 43.7% [12, 13]. 

The region’s geology is highly intricate but can be broadly divided into three major rock unit groups: 

the metamorphic complexes of Archean age, the metavolcanic-metasedimentary sequences of the Archean 

greenstone belt (corresponding to the Rio das Velhas Supergroup), and the Paleoproterozoic supracrustal 

rocks of the Minas Supergroup [12-15]. 

In the intermediate portion of the Minas Supergroup lies the Itabira Group, which is subdivided into the 

lower Cauê Formation and the upper Gandarela Formation. The mine is situated within the Cauê Formation, 

which is primarily composed of itabirites with alternating layers of quartz and hematite. This formation is of 

significant importance to the QFe, as it concentrates the majority of the region’s iron ore reserves. 

Approximately 48 iron ore deposits have been mapped in this region [12-15]. 

As described by [15], the geological distribution of the mine consists predominantly of siliceous itabirites 

in compact, semi-compact, and friable forms, along with itabiritic breccias and hematites. It is estimated that 

more than 80% of the deposit is composed of compact itabirite, which is characterized by hard rock with low 

iron content. Fig. 5 represents a summary geological map of the QFe and the location of the mine. 

(6) 
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Fig.4. Flowchart of the FFKM algorithm 
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Fig.5. A summary geological map of the Quadrilátero Ferrífero and the location of the open-pit mine. 

Adapted from [13] 
 

The open-pit iron mine is divided into five operational sectors and the operational slope selected for this 

example is located as indicated in fig. 6. The slope is highly fractured, with a Rock Quality Designation 

(RQD) of 37%, indicating poor rock quality. It has a height of 28 meters, an azimuth of 169°, and an 

inclination of 50°. The predominant lithology of the slope is compact itabirite, transitioning to friable [15]. 

 
Fig.6. View of the open-pit iron mine and the location of operational slope 

 

A total of 159 fracture orientations were collected from the operational slope using compass 

measurements and the scanline sampling method. During the geotechnical mapping, three predominant 

fracture sets were identified and labeled as Set 1, Set 2, and Set 3. Set 1 is sub-vertical, Set 3 is parallel to 

the banding and serves as the main conditioning structure of the slope and the open-pit mine, while Set 2dips 

in the opposite direction to Set 3, with a steeper inclination. 
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Fig. 7(a) shows typical fracture traces observed at the studied slope, along with the different itabirite 

lithologies. Fig. 7(b), (plotted using the Dips program from Rocscience) presents the contour plot of the 

fracture dataset, projected onto the upper hemisphere using an equal-area stereographic projection. 

Therefore, based on information acquired during the geotechnical mapping, the FFKM must be capable 

of correctly identifying the number of sets and classifying the fractures. The software was run with Kmax= 5, 

and the XB index was used to determine the optimal number of sets. The XB index [16] simultaneously 

evaluates the compactness and separation of FFKM partitions. As such, the index achieves a small value 

when the clustering results are appropriate. 

 
Fig.7. View of the operational slope. (a) Typical fracture traces and associated lithologies,  

(b) Contour plot of the fracture data set 
 

The output report (Fig. 8) indicates that the XB indices identify three as the optimal number of fracture 

sets, aligning with the findings from the geotechnical mapping process. It also includes the statistical analysis 

of the fracture sets for Kbest= 3. The Fig.9 provides an example of the clustering results exported in CSV 

format, while the stereographic projections generated by FFKM for Kmin= 2 to Kmax= 5 are displayed in 

Fig.10. 

 

 
Fig.8. Output report showing the statistical analysis for Kbest= 3 and the XB indices values 

 
 

(a) (b) 
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Fig.9. Output clustering results in CSV format 

 

 
Fig.10. Stereographic projections generated by FFKM. (a) Kmin=2; (b) Kbest= 3; (c) K=4; (d) Kmax=5 

 

(a) (b) 

(c) (d) 
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Notably, as illustrated in Fig. 10(b), Set 1 is sub-vertical, while Set 2 dips in the opposite direction to 

Set 3.This demonstrates that the FFKM appropriately grouped the fracture sets, identifying the existing 

relationships between them. The analysis of the minimum and maximum dip angles reveals that the data set 

contains discontinuities that deviate significantly from the center of the sets. However, one advantage of the 

FFKM is its capacity to minimize the influence of these points. This is achieved through the software 

assigning a very low membership degree, uij, to these discontinuities, thereby reducing their impact on the 

calculation of mean orientations. 

 

3. Conclusions 

In this paper, the Fuzzy K-Means algorithm based on the Fisher distribution (FFKM) was presented as a 

tool for identifying fracture sets in an operational slope of an open-pit iron mine in the Quadrilátero Ferrífero 

region. Designed in Scilab, the software accurately identified the number of fracture sets and classified 

fractures into these sets, aligning with the results of in situ geotechnical mapping. These outputs will support 

future slope stability analyses and inform improved mine planning and risk management strategies. 

The FFKM provides objective and reliable clustering results, reducing the subjectivity associated with 

conventional methods. In this version, a function was implemented to generate stereographic projections, 

enabling the visualization and interpretation of the spatial distribution of discontinuity sets. This feature 

enhances decision-making in geotechnical assessments and contributes to safer and more efficient mining 

operations.  

The software offers flexibility for adaptation to various applications and supports integration with other 

tools. It is freely available for download, along with a user manual and example datasets, at 

https://github.com/andreklen/FFKM-algorithm.git. 
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