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Abstract. Geomechanical monitoring of the rock mass state is an actively developing branch of geomechanics, in which 
it is impossible to distinguish a single methodology and approaches for solving problems, collecting and analyzing data 
when developing seismic monitoring systems. During mining operations, all natural factors are subject to changes. 
During the mining of a rock mass, changes in the state of structural inhomogeneities are most clearly manifested: the 
existing natural structural inhomogeneities are revealed; there are movements in discontinuous disturbances (faults); 
new man-made disturbances (cracks) are formed, which are accompanied by changes in the natural stress state of 
various blocks of the rock mass. The developed method for evaluating the results of monitoring geomechanical pro-
cesses in the rock mass on the example of the United Kirovsk mine of the CF AO Apatit allowed to solve one of the 
main tasks of the geomonitoring system – to predict the location of zones of possible occurrence of dangerous mani-
festations of rock pressure.  
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Introduction. The ongoing research is a further development of the idea proposed by the authors 

[1] on the use of machine learning methods when working with mathematical models of time series 
based on seismic monitoring data. 

The task of geomechanical monitoring is to search for various kinds of interrelations between  
a wide list of natural and technical factors that determine the state of a technogenically disturbed rock 
mass. There are two main groups of such factors. For example, in the study of A.A.Kozyrev and 
coauthors [2], the following definitions are given to these factors: “Natural factors are the sum of the 
properties of the rocks composing the rock mass, the structural inhomogeneities of the rock mass and 
the natural stress field. Technical factors are a set of mining methods, the order of facilities construc-
tion, the development system used, the characteristics of mining workings, etc.”. 

One of the ways to assess the probability of dangerous geodynamic processes is the use of mathe-
matical models based on seismic monitoring data. Since the rock mass is a complex dynamic system, 
it is reasonable to use both spatial coordinates and components of the time series of seismic activity 
to build such models. The sequence of destructions that appear during mining can be represented as 
a certain time series consisting of discrete events. Each of these events is defined by a time coordinate 
and a characteristic describing the degree of the rock mass destruction, for example, the magnitude of 
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the signal energy [3]. In this article, as such a time series, it is proposed to use a seismic sequence 
recorded using a rock mass condition monitoring system. Clustering methods are used to localize the 
spatial zone of the preparation of the source of destruction, assigning each discrete event its own 
spatial cluster. 

The object of this study is the Kukisvumchorrskoye deposit, developed by the United Kirovsk 
Mine of CF AO Apatit. According to P.A.Korchak and S.A.Zhukova, seismicity monitoring at un-
derground mines is carried out using an automated rock mass condition monitoring system 
(ARMCMS). During the observation of seismicity in the rock mass, the following patterns were re-
vealed: the reaction of the rock mass to mass blasts; a seasonal increase in seismicity during periods 
of snow melting; an increase in seismicity before the roof fall of the overlying rocks. 

Technological processes during mining operations have a significant impact on the seismic re-
gime of mines. Currently, about 40 rock bursts have been documented at the mines of AO Apatit [4]. 

Methodology. A number of technological breakthroughs are expected in the near future, reflecting 
profound technological changes that will lead to the transformation of traditional industrial produc-
tion [5-7]. At the same time, it should be taken into account that the increase in the volume of mineral 
extraction in difficult mining and geological conditions is closely related to the analysis  
of the main parameters of the stress-strain state (SSS) of the rock mass [8]. 

Reliable analysis and modeling of SSS rock mass is based on the use of various mathematical 
models [9, 10]. Thus, from the point of view of the theory proposed within the framework of the 
hierarchical model, the criterion for the destruction site formation is a violation of the conditions  
of stationarity/quasi-stationarity of the modeled process (for example, Poisson's criterion) [11].  
However, this approach takes into account only statistical and ignores, for example, the physical and 
mechanical parameters of the medium under study. This negatively affects the quality of the predic-
tive model used and does not allow taking into account the features of the modeled field. 

Thus, obtaining high-quality and reliable results when implementing such models without the 
direct participation of an expert in the subject area of research is always difficult, since appropriate 
data preprocessing strategies, the type of model used, its parameters and a set of criteria are selected 
[12]. The algorithm proposed in this paper generates its own set of criteria for the formation of  
a destruction site using a mathematical model controlled by data from seismic monitoring, data-driven 
model [13, 14]. The resulting set takes into account both the peculiarities of mining operations at the 
deposit, and the physical and mechanical properties of the rock mass. 

The required mathematical model can be developed using both a single machine learning model 
and a hybrid (composite) approach. Currently, the identification of data-driven models with a com-
plex heterogeneous structure remains an unsolved problem. The structure of the composite model can 
be represented as a directed acyclic graph (DAG), and the most suitable variant of the structure can 
be developed using optimization approaches. The elements of this graph are machine learning models 
(intended for classification or additional models for side tasks, for example, clustering). 

Thus, the task of the study is to search for clusters – rock destruction sites. For such a task in the 
field of space – time – energy of seismic events, based on the conducted research, an algorithm was 
developed for the analysis and prediction of the geomechanical state of a technogenically disturbed 
rock mass (Fig.1), which consists in the simultaneous application of various machine learning models 
in a single composite model most suitable for a certain type of data reflecting the variability of the 
observed system in each of the components of the space. The evaluation of the final model quality in 
the work is determined by the introduction of criteria necessary for the organization of the multi-
criteria optimization process.  
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Silhouette criterion. The silhouette of a sample is the average size of the silhouette of objects in 

this sample; it shows how the average distance to objects in its cluster differs from the average dis-
tance to objects in other clusters. This value belongs to the range [–1,1]. Values close to –1 correspond 
to poor (scattered) clusterizations; values close to zero mean that clusters intersect and overlap each 
other; values close to one correspond to “dense”, well-defined clusters, i.e. the larger the silhouette 
of the sample, the more clearly the clusters are distinguished, which are compact, densely grouped 
point clouds. 

False (FAR) and missed (MAR) alarms rates. The most important element of solving the problem 
of detecting anomalies is to determine the time window of detection. Within the framework of the 
proposed quality criteria, predicted anomalies inside the detection window are perceived only as one 
true positive result. The absence of predicted anomalies inside the detection window is perceived only 
as one false negative result. Predicted points outside the detection windows are defined as false posi-
tives. In this study, three values of the detection window width were adopted: the short – term fore-
casting horizon is 6 h before and after the event; the medium-term forecasting horizon is 48 h before 
and after the event; the long – term forecasting horizon is 168 h before and after the event. 

Next, two of the three methods used in the final composite model will be considered: the Singular 
spectrum analysis (SSA) method for analyzing time series of seismic monitoring, designed to simu-
late the behavior of the system in time – energy space, and the HDBSCAN clustering method  
(Hierarchical Density-Based Spatial Clustering of Applications with Noise), designed to search for 
clusters – rock destruction sites and responsible for modeling the spatial variability of the system. 

The basic variant of the SSA method in time series analysis is the decomposition of the original 
series into simple components that can be approximated using periodic functions or low-degree po-
lynomials [15-19]. The resulting decomposition can serve as a basis for forecasting both the time 
series itself and its individual components. To analyze the time series of seismic monitoring, the 
parameter L is selected, which is responsible for the window width. The choice of the value of this 
parameter depends on the researcher and his subject knowledge about the system generating the 
selected time series. Then, based on the series, a Hankel matrix is constructed, where vectors of 
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length L are used as columns. The task of the selected type of decomposition is to represent the 
original series as a sum of components. This method is recommended to be used to isolate the trend, 
cyclic components and build some approximation of the original time series based on the selected 
components. 

Analysis of seismic monitoring data and clustering of seismic events require the use of modern 
methods of mathematical modeling. During a long period of studying the seismic regime of the Kukis-
vumchorrskoye deposit, it was found that clusters of seismic events and the mechanism of their for-
mation have features similar to other deposits, in particular, they are “confined to places of active 
mining operations, to disjunctive disturbances in the roof of hanging flank rocks, and can also be 
formed under the influence of other factors – both natural and man-made” [20]. 

The classical approach of using clustering methods is an approach based on ideas about the 
physical processes occurring during loading and subsequent deformation of the rock mass. To solve 
the problem of identifying source zones, it seems most appropriate to use a hierarchical or graph 
approach. In other words, these methods are methods of strict clustering [16, 21, 22]. At the same 
time, a number of studies claim that the use of non-strict clustering methods is more preferable for 
modeling random processes [23, 24]. 

As a result of the work, the HDBSCAN algorithm was applied [6, 25, 26], which is a hierarchical 
spatial algorithm for clustering data with noise based on the use of distribution density [27-30]. 

Results and discussions. The dates of recorded rock bursts for 2009-2018 are used as data for 
validating the operation of the proposed algorithm (Table 1). In order to maintain confidentiality, the 
spatial coordinates have been changed. 

 
Table 1  

Recorded rock bursts (according to the data of the cards of rock bursts) 

Coordinates of the seismic event along the axes 

Ox Oy Oz Date of occurrence  
of the geodynamic event 

0.456 0.413 0.325 13.05.2009 
0.381 0.464 0.228 21.10.2010 
0.603 0.441 0.293 27.01.2016 

 
The length of the analyzed time series is 365 days, the width of the time window was chosen to 

be 30 days (parameter L), and the average value (for one day) of all seismic events with an energy 
value in the range from 102 to 105 J is used as the observed value. This range was justified by the 
analysis of the distribution of seismic events in terms of energy from January 2009 to December 2020, 
as well as on the basis of an expert assessment by the staff of the Research Center of Geomechanics 
and Mining Problems of Saint Petersburg Mining University. The time scale of seismic monitoring 
is chosen as the Ox axis, and the scale of the average value of seismic events is chosen as the Oy axis. 

The parameter of the expected periodicity of the process of rock burst formation was chosen to 
be equal to 15 days. Its value of 50 % of the window length indicates the presence of two subprocesses 
within one month. And if there were no dangerous occurrences of rock pressure (RP) in the first 
subprocess (the first 15 days), then the probability of their occurrence in the second subprocess (the 
second 15 days) increases in accordance with the growth of the exponential function. The time series 
reconstructed from the first elementary matrix for 2009, 2010 are shown in Fig.2, a, b, for 2016 –  
in Fig.2, c. The first elementary matrix is responsible for the trend of seismic activity. As can be seen 
from Fig.2, a, b, 13.04.2009 and 25.09.2010, the minimum values of the seismic activity trend  
are reached.  
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Figure 2, a, b shows an example of a com-
bination of the first and second cases (2009 and 
2010). On the one hand, there is a repeat of the 
situation in 2009 (falling to the minimum value 
of the trend of seismic activity), and the point of 
change in the direction of trend growth on 
27.01.2015 (Fig.2, c). Consequently, the analy-
sis of the trend of seismic activity obtained  
using the SSA method makes it possible to es-
tablish a connection between the dangerous 
manifestations of RP in the form of a rock burst 
from 21.01.2016 and seismic activity ex-
pressed by a downward trend. 

Thus, a dangerous occurrence of RP may 
be preceded by a smooth decline in the trend to 
the point of a global minimum, followed by  
a change in the direction of the trend. In accor-
dance with the assumption of the cyclical na-
ture of the process, for the selected parameters 
(window width and frequency of the process), 
the time before the onset of a dangerous oc-
currence of RP is 15 and 30 days, respectively. 

Using a composite model to analyze seis-
mic monitoring data for 2020. Figure 3 shows 
three key points in the trend: 

• On 20.03.2020 the minimum value of the 
trend of seismic activity at the current moment 
of observations is reached. However, the proba-
bility of a rock burst is moderate, since the trend 
growth is preceded by a period of stationarity 
(no growth of the average trend value) equal to 
the window length (30 days). This period can be 
interpreted as stabilization of deformation pro-
cesses in the rock mass, which makes it possible 
to neutralize possible dangerous occurrences  
of RP. 

• On 20.05.2020, a local minimum of the 
seismic activity trend is reached, and a sharp in-
crease in the trend in the opposite direction be-
gins. The probability of a rock burst in the next 
30 days is quite high, since the process has 
reached its local minimum, and seismic activity 
has increased. 

• On 02.11.2020 the global minimum of 
the seismic activity trend value for the entire 
observation period is reached, and then its 
moderate growth begins. The probability of  
a rock burst in the next 30 days is extremely 

 

Fig.2. Trend of the seismic monitoring time series  
for 2009 (a), 2010 (b) and 2016 (c) 

1 – minimum and change of trend direction; 
2 – alleged rock burst; 3 – fixed rock burst 
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high, since the process has reached its minimum historical value, and the seismic activity trend 
began to grow.  

In two of the three recorded rock bursts, it was possible to predict the approximate (with a dif-
ference of one or two days) time of the onset of the rock burst (Table 2). However, for the case that 
occurred on 06.07.2020, the forecast error was 15 days, which requires clarification of the forecast. 
Then, using data from 01.01.2020 to 05.07.2020 (one day before the actual rock burst), the case was 
considered in detail and the original time series was restored. 

 
Table 2 

Forecasts of the onset of potential rock bursts 

The appearance of a local minimum point 
and a trend change 

Potential rock burst  
(moderate degree of risk) 

Potential rock burst 
(the degree of risk is extremely high) 

Occurrence of the recorded  
geodynamic event 

20.03.2020 06.04.2020 21.04.2020 08.04.2020 
20.05.2020 06.06.2020 20.06.2020 06.07.2020 
02.11.2020 17.11.2020 03.12.2020 04.12.2020 

 
As can be seen from Fig.4, a local maximum is reached at the point 30.06.2020, and a change in 

the direction of the trend movement begins. In addition, in the period from 30.06.2020 to 05.07.2020, 
the maximum value of the amplitude of the cyclic component was recorded. The combination of these 
factors makes it possible to predict the onset of a potential rock burst on 06.07.2020. Thus, it can 
be concluded that it is advisable to supplement the trend analysis with the analysis of the cyclical 
component. 

Analysis of the results of modeling clusters of seismic events based on seismic monitoring data 
for 2020. A number of papers have noted that “a significant part of approaches to predictive assess-
ments of dangerous rock pressure occurrences is based on the following concept: as the rock is de-
stroyed, several stages of destruction are formed with a gradual transition from one stage to another” 
[31, 32]. The size and range of cracks that are formed as a result of deformation and destruction of 
the rock mass can vary from a millimeter to tenths of a meter. The most often dangerous occurrences 
of RP are expressed in the form of rock impacts and other occurrences of technogenic seismicity 
(Fig.5, 6). 

To analyze the results of modeling clusters of seismic events, S.A.Ignatiev [11] states that “clus-
ter analysis is based on two main assumptions: the identified features of an object should allow for 
the division of a certain set of objects into clusters; the accuracy of choosing the appropriate scale or 
the necessary units of quantities reflecting the features of the object (in some cases, the use of 
standardized quantities is required)”.  
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In particular, the authors [33, 34] suggest using preliminary processing of the initial data before 

the clustering procedure. The initial data are divided into groups, each of which is characterized by 
the density of the distribution of seismic events in the seismic monitoring space. This approach will 
allow filtering the initial data from the “noise” points. Also, one of the stages of cluster analysis is 
the use of statistical criteria obtained from the analysis of the data of seismic monitoring of the Kukis-
vumchorrskoye deposit for a long period of observations (2000-2020): the average value of 
9620+241.76 J; median 1610 J; standard deviation 18000 J. 

Thus, all seismic events exceeding the sample average (based on the expert assessment of the 
staff of the Research Center for Geomechanics and Mining Issues of St. Petersburg Mining Univer-
sity, the value of 104 J was chosen) are considered as seismic events – precursors that can lead to 
dangerous occurrences of RP. Using the metrics proposed in the work as quality criteria, in the course 
of multi-criteria optimization [33-35], clusters of “non-classical” geometric shapes (ellipsoids) were 
obtained using the developed algorithm, which can be conditionally divided into three groups ac-
cording to their location relative to the rock burst that occurred. Clusters 32-33 are located north of 
the impact point, clusters 46, 49, 50 are located above the burst point. Clusters 11 and 38 are located 
to the southeast of the burst point. It should be noted that all the selected clusters are stable in time, 
i.e. they include seismic events during the entire monitoring period in 2020. Table 3 shows clusters 
and precursor events contained in them, which with a high degree of probability can be triggers of 
rock bursts. Monitoring of seismic events in these clusters in the future is advisable. In the Table 4 
shows the results of calculating the FAR/MAR quality criteria. The precursor events from Table 3 
are used to calculate the metric. 

 
 Table 3 

Characteristics of seismic events – precursors of selected clusters exceeding 104 J 

Time of occurrence  
of a seismic event The energy of a seismic event, J Cluster number Date of the supposed 

rock burst 

22:13:27  11.03.2020 976000 50 06.04.2020 
17:53:49  12.04.2020 153000 50 21.04.2020 
02:55:17  21.05.2020 406000 50 06.06.2020 
21:27:14  07.06.2020 94600 46 06.06.2020 
06:33:30  15.06.2020 18400 50 21.06.2020 
18:20:15  05.07.2020 362400 50 05.07.2020 
08:31:49  08.11.2020 22300 32 17.11.2020 
01:24:33  21.11.2020 15000 32 03.12.2020 
02:23:31  21.11.2020 27400 33 03.12.2020 
13:48:17  28.11.2020 24000 32 03.12.2020 

 

Fig.6. Clusters – sources of rock destruction 
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with an energy Е = 5.32·107 J 
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Table 4 

Metrics of seismic events – precursors of selected clusters  
exceeding 104 J 

Time of occurrence  
of a seismic event 

FAR/MAR forecast horizons 

Short-term  Medium-term Long-term 

08.04.2020 1/1 0/0 1/1 
06.07.2020 3/1 3/0 3/1 
04.12.2020 3/1 0/0 3/1 

 
Conclusion. As a result of the analysis of the clustering of seismic events based on monitoring 

data for 2020, the following conclusions can be drawn. 
A hypothetical connection has been formed between the dangerous occurrence of RP and  

a smooth decrease in the trend of seismic activity to the point of a global minimum, followed by  
a change in the direction of the trend. For each of the rock bursts, their own precursor events were 
found; their number, time difference and energy values are closely related to the probability of  
a rock burst. 

A scheme of a composite model for analyzing seismic monitoring data is proposed. Based on 
seismic monitoring for 2020, experimental data were obtained confirming the hypothesis formed by 
the authors. The results of the study are a development of the idea proposed by the authors in the 
article on the use of machine learning methods when working with mathematical models of time 
series that are based on seismic monitoring data [1]. 

Analysis of the data obtained, their distribution in time and space revealed the dates of two po-
tentially dangerous occurrences of RP 06.04.2020 and 03.12.2020. At the same time, the actual dates 
of the rock bursts 08.04.2020 and 04.12.2020 differ from the expected ones by one or two days. 
In the case of a real rock burst on 06.07.2020, the authors conducted an additional analysis of the 
time series of seismic monitoring and amended the forecast of dangerous RP occurrences. 

Let us analyze the criteria for the proportion of false (FAR) and missed (MAR) alarms: 
• short-term forecasting horizon (the share of false alarms – two or three false alarms per one 

rock burst, the share of missed rock bursts – 100 %); 
• medium-term forecasting horizon (the share of false positives is one false event per one rock 

burst, the share of missed rock bursts is 0 %); 
• long-term horizon of forecasting (the share of false positives is two or three events per one rock 

burst, the share of missed rock bursts is 100 %). 
Thus, the proposed method depends on the choice of the forecast horizon and is effective when 

using a medium-term forecast horizon. It can be argued that the composite model based on the 
analysis of the time series of seismic monitoring and the distribution of clusters – sources of seismic 
events in the rock mass is an effective means of controlling dangerous occurrences of RP. 

 
The authors express their gratitude to the staff of the Research Center of Geomechanics and 

Mining Problems of Saint Petersburg Mining University for the initial data and research support 
provided. 
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