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Abstract 
Method of geologic model forming based on the information on the operational 
characteristics of the drilling process using the results of the clustering of such process 
characteristics as torque and speed of drilling is proposed. 
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In problem solving of the energy-efficient 
automated process control at different stages of 
extraction and processing of iron ore a major role 
plays the presence of operational information on 
disturbing factors [1-6]. Thus, information on the 
process course can be obtained not only by direct 
measurement, but also on the basis of the 

interpretation of indirect signs [1-2]. Studies 
revealed a high degree of correlation between the 
parameters obtained as a result of monitoring of 
the drilling rig, and the data of geophysical well 
testing [1]. During the study the monitoring of the 
following parameters: drilling speed, rotation 
speed, traction, torque was carried out. In [2] 
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besides named parameters the possibility of an 
axial load using in the identification of the ore 
rocks geological structure in the drilling process is 
studied. Thus, the recognition of ore material 
varieties during drilling is advisable to carry out by 
several characteristics using static clustering 
characteristics of the drilling process at the 
different depths: speed and torque; with pre-
normalization of data to improve the efficiency of 
clustering methods [7, 9].  

Among the crisp clustering methods the K-
mean and K-medoid methods are most effective, 
which determine the fitting of each set of ore piece 
characteristics to one of с-clusters to minimize a 
sum of squares within the cluster [10,11] 
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where Ai – is a set of objects (reference points) in i-
th cluster and vi - is a mean as indicated by the 
cluster points i. According to the algorithm of K-
mean clustering the vi called as clusters centers  
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where Ni – is the number of objects in Ai. The 
result of the clustering of the drilling process 
measured characteristics, performed by K-means 
algorithm is shown in Fig. 1 a. According to the K-
medoid clustering method the clusters centers are 
the average data nearest objects in a single cluster 
V={Vi∈X|1≤i≤c} [10,11]. The clustering result of 
iron ore raw materials samples performed by the 
K-medoid algorithm is shown in Fig. 1b. 
Additional quality assessment of clustering was 
performed using the following scalar measures of 
integrity. The partition coefficient (PC) measures 
the "overlap" between the clusters [11] 
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where µij – is the data point membership function j 
in cluster i. а) K-means algorithm; b) K-medoid 
algorithm 

The segmentation coefficient (SC) [12] 
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                             a) 

 
                               b) 

Figure. 1. The result of the drilling process 
characteristics clustering 
 

The Xie-Beni Index (Xie-Beni, XB) 
defines the quantitative estimation of the ratio of 
the total variation in clusters and clusters 
separation [13] 
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The Dunn's Index (DI): is used to identify the 
"compact and well-separated clusters" [7] 

}}
)},({maxmax

),(min
{{minmin)(

,

,
, yxd

yxd
cDI

Cyxck

CyCx
jicici

ji

∈∈

∈∈
≠∈∈=

(6) 
Alternative Dunn’s Index (ADI) 
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A graphical representation of the 

dependences of above indicators of clustering 
quality on the number of clusters is shown in Fig. 
2. The XB Index varies strongly enough (fig. 2а), 
which does not allow to determine the optimal 
number of clusters. Thus, starting with the value of 
5clusters or more this index decreases relatively 
slower than on the interval of 2-5 clusters. The 
alternative Dunn’s Index value, dependence of 
which on the number of clusters is shown in Fig. 
2b, decreases strongly enough with increasing the 
number of clusters to 5, for more of clusters this 
index shows a slight increase. 

                          a) 

                             b) 
Figure. 2. Clustering quality indexes: а) XB; b) ADI 
 

The comparison results of clustering 
methods by indicators considered above are given 
in Table 1 

 
Table 1. The clustering methods comparison 

results 
 

 PC SC XB DI ADI 
K-
mean
s 

1 0.478
5 7.463 0.0099 0.0010 

K-
medo
id 

1 0.478
9 12,354 0.0047 0.0014 

 
The studies have shown that the best 

clustering results are achieved with the process 
monitoring results distribution by K-Means 
method for five clusters, which corresponds to the 

results of geological sampling of the nearest to the 
investigated wells drill holes. 
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