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Abstract

:

Microseismic monitoring is a common monitoring tool in the mining production process; for supervising a huge amount of microseismic data, effective analysis tools are necessary. In this study, the monitoring results of microseismic events at the Maoping lead-zinc mine in Yiliang County, Yunnan Province, and the spatiotemporal distribution characteristics of microseismic events are analyzed. We analyze the temporal characteristics of microseismic events using fractal theory, combining the change in fractal dimension with the rock burst incubation process. We also construct an observation area model for event anomalies based on the spatial distribution characteristics of microseismic events. The results show that the growth of the fractal dimension is consistent with the trend of the incubation process before rock burst, and the larger the fractal dimension, the higher the rock burst risk. The observation model, based on the density of microseismic events, can effectively refine the rock burst discrimination range and facilitate subsequent observations. An effective and feasible method of microseismic analysis is provided.
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1. Introduction


As mining moves to deeper levels, fugitive conditions in deep rock differ significantly from those in shallow areas, increasing the risk of rock explosion hazards. To prevent these hazards, various methods have been proposed and implemented in mines. Current rock burst early warning monitoring methods mainly include drilling and cutting parameters, borehole stress, electromagnetic emission, acoustic emission, charging method, microseismic (MS) monitoring, and active or passive seismic velocity lamination [1,2,3,4,5,6,7,8,9,10,11,12]. Among these, microseismic monitoring methods are widely used [13,14,15,16,17,18,19]. For different monitoring results and on-site rock burst conditions, more scientific and systematic theories are required to process and analyze the spatiotemporal distribution characteristics of the monitored microseismic events.



Research on the temporal characteristics of microseismic methods has achieved effective results through continuous innovation. Based on the monitoring results, advanced theories, such as geometric theory and convolutional neural networks, are effective means of analyzing the temporal distribution characteristics of microseismic monitoring events [20,21]. Previous studies have found that the number of rock-mass fractures obeys three-dimensional fractal distribution [22]. The initial value of a two-dimensional fractal distribution has a linear relationship with the initial value of a three-dimensional fractal distribution. Fractal dimension, as the quantitative characterization and basic parameter of the theory, is one of the important principles of fractal theory. The size–frequency distributions for islands, earthquakes, fragments, ore deposits, and oil fields often satisfy this relation [23,24,25]. Multi-scale materials, such as concrete and rocks, have self-similarity whose distributions have a power-law form [26,27,28,29,30]. Higher porosity samples give different fractal dimensions for upper and lower fracture surfaces [31]. The permeability has an exponential relationship with the fractal dimension of fracture center and fracture length [32]. It was found in laboratory research that acoustic emission count rates during failure for all loading steps exhibit fractal features [33,34,35]. The results of engineering research indicated that the energy distribution of microseismic events during the development of immediate rock bursts has a fractal structure [36].



By analyzing the spatial and temporal distribution characteristics of microseismic events, we can predict potential rock burst hazards. We developed a simplified two-dimensional (2D) finite element model based on microseismic and piezometer monitoring results and geological conditions of a porous rock mass [37]. The statistical analysis and numerical calculation of tunnel rock bursts also allowed for the analysis of the spatial and temporal distribution of MS events during the construction process, thereby discussing the size effect of rock burst risk [38]. Subsequently, the spatial and temporal evolution of MS events was analyzed by numerical simulations, and the spatial relationship between the potential damage zone and maximum principal stress direction was verified [39].



Studies have explored the spatiotemporal analysis of microseismic activity and its correlation with mine explosions by analyzing source parameters. These studies have shown that two clusters have different dynamic characteristics [40,41]. From a microfracture perspective, macrofractures can be identified based on a three-dimensional (3D) fracture model, which is implemented using unsupervised machine learning algorithms and microfracture coordinates and can identify microfractures in 3D space combined with the formation of macrofractures [42]. Elastoplastic mechanics and damage mechanics are the general theories for modeling and are used as the basis for establishing an elastic–plastic brittle abrupt rock burst model for structural surface coal rocks and to analyze the microseismic (MS) and electromagnetic radiation (EMR) characteristics of coal rocks during the evolution of impact ground pressure [43]. These methods have limited the analytical treatment of the temporal distribution of microseismicity and field utility for the spatial distribution pattern, and no real-time monitoring and analysis of the spatial distribution pattern of microseismicity has been performed. In addition, the spatiotemporal energy evolution characteristics of strong acoustic emission events on the crack surface during the complete fracture of tuffs reveal the processes of microcrack generation, extension, and interpenetration in rock specimens [44].



While some methods have discussed the spatial evolution of microseismic events from a mechanistic perspective, they have limitations for field guidance due to the insufficient analysis of microseismic characteristics. To address this issue, an MS multi-parameter indicator system was developed, with critical values estimated for each indicator. This system, along with the r-value scoring method, provides a comprehensive analysis of the weights of each indicator [45,46]. These studies focused on the analysis of the results and lacked an analysis of the microseismic spatial and temporal patterns of the actual working conditions. From the present point of view, both the analysis of spatiotemporal characteristics of microseismic events and the processing of analysis results lack convenient and intuitive analysis methods and site-appropriate model construction. In this study, fractal theory was used to analyze the temporal characteristics of microseismic events in the Maoping mine and validate them according to their actual site, establish an observation model through the spatial distribution characteristics of detected microseismic events, refine the study of microseismic event points, and analyze the characteristic pattern of rock bursts at the site through the relationship between the accumulation of microseismic events and energy. From field validation, this study is of great significance for the analysis of monitoring results and provides some guidance for the research and judgment of subsequent mining and rock burst warnings.




2. Mining Conditions and Methods


2.1. Mining Conditions


The Maoping lead-zinc mine is located in the northeastern part of Yunnan Province, under the jurisdiction of Yiliang County, Zhaotong City. The geographical coordinates are from 103°59′ to 104°04′ east longitude and 27°28′ to 27°32′ north latitude. The area of the mine is approximately 45 square kilometers, and its distribution area is 0.4 square kilometers. The strata exposed in the mining area include the Upper Devonian Zaig Formation (D33), Carboniferous Fengning Formation (C1), Weining Formation (C2), Lower Permian Formation (P1), and Quaternary Formation (Q). Except for the Carboniferous Fenning Formation Wanshushan Group and Lower Permian Liangshan Group, which are coal-bearing clastic rock systems, all others are carbonates.



In the main mining zone, the bottom plate of the I mining zone is dark gray tuff and dolomite with shale, and the top plate is medium to fine crystalline dolomite, with a small amount of shale. The orebody is 144 m long, with a tendency of 110 m downward from the middle section at an elevation of 896 m. A layer measuring 16 m in thickness, with an average grade of 4.52% Pb and 10.13% Zn, contains 102,936 tons of proven Pb-Zn metal. This accounts for 46.3% of the total reserves in the mine area. The I ore zone consists of thick, greyish-white, coarse-crystalline limestone from the Middle Carboniferous period.




2.2. IMS System


The typical network composition and structure of the IMS microseismic monitoring system are shown in Figure 1. Microseismic sensors first receive various microseismic signals from the ground, transmit the analog signals to the collector for preprocessing, such as digital-to-analog conversion and data over-waves, and then send the digital microseismic signals to the modem. Finally, the modem transmits the microseismic signals of the underground sensors to the surface monitoring center computer through a fiber-optic cable for automatic recording and processing.




2.3. Analysis of Station Network Accuracy and System Wave Speed


Set the seismic event source as unknown.


  x =      t 0  ,  x 0  ,  y 0  ,  z 0     t   



(1)




where    t 0    is the time of the seismic event    x 0   , and    y 0    and    z 0    are the 3D coordinates of the seismic event.



The optimization of sensor station locations depends on the covariance matrix    C x    of  x .


   C x  = k   ( A  A T  )   − 1    



(2)




where  k  is a constant, and the value of  A  is expressed as


  A =      1      ∂  T 1    ∂  x 0          ∂  T 1    ∂  y 0          ∂  T 1    ∂  z 0         ⋮   ⋮   ⋮   ⋮     1      ∂  T n    ∂  x 0          ∂  T n    ∂  y 0          ∂  T n    ∂  z 0           



(3)




where    T i    (i = 1, …, n) is the calculated seismic arrival time and n is the number of sensor viewing stations.



Covariance can be interpreted graphically using a confidence ellipsoid, and the eigenvalues of the covariance matrix form the length of the main axis of the ellipse. Solving for station optimization involves solving for a station arrangement that minimizes the ellipsoid volume. Because the product of the smallest volume of this ellipsoid is proportional, the optimized station location should minimize the following equation for all seismic events recorded by the monitoring network:


  o b j = min (   ∑  i = 1    n e      p h    (  h i  )  λ  x 0   (  h i  )  λ  y 0     (  h i  )   z 0   (  h i  )  λ  t 0   (  h i  ) )  



(4)




where    n e    is the number of seismic events, located in the region where the seismic activity will be monitored;    P h  (  h i  )   is the relative importance of the event, whose source is    h i  =      x i  ,  y i  ,  z i     T   , which can be the probability function of an event occurring adjacent to that location; and    λ  x 0 (  h i  )     is the eigenvalue of    C x   .



According to the geological conditions of the Maoping mine, the mine velocity model recommended by the IMS microseismic monitoring system (Vp = 5500 m/s, Vs = 3500 m/s) was used to carry out the system positioning error analysis. Comparing the calibration blast coordinates to the microseismic positioning coordinates revealed a significant spatial positioning error of approximately 20 m. This error requires the use of Trace software to correct for wave velocity. The results of the calibration of the blast waveform and positioning are shown in Figure 2. The positioning calibration procedures are listed in Table 1.




2.4. Early Warning Analysis


To identify the critical warning parameters, the number of microseismic events and the microseismic energy were selected as the warning indicators, and a fixed monitoring area was selected for analysis and warning, according to the station network, to eliminate the influence of lithology and production. However, if the monitoring range is large or the mining methods in the monitoring area differ greatly, lithology correction indicators need to be introduced.



When selecting the early warning analysis steps, the statistics regarding the duration of microseismic events and their energy indicators for early warning, generally according to the mine downhole resting arrangement, must be considered, along with safety management that facilitates shift handover. Real-time analysis of the processed waveform data was performed by counting the cumulative number of microseismic events    ∑   E i      and the cumulative microseismic energy    ∑   N i      within a time step.



In order to eliminate the abnormal increase or decrease in the number of microseismic events and their energy due to the system failure, the correction should be made according to the number of stations (measurement points) in the network, and the corrected cumulative microseismic event number    ∑   E i    = k  ∑   E i     , the cumulative microseismic event energy    ∑   N i    = k  ∑   N i     , and the correction criteria are as follows: (a) when the number of normal operating stations is greater than or equal to 4 and less than or equal to 1/2 of the total number of stations, the number of microseismic events and the energy correction factor k are taken as 1.2. The number of microseismic events and the energy correction factor k are 1.2; (b) when the number of normal operating stations is greater than two and less than four, the number of microseismic events and energy correction factor k are taken as 1.5. The discriminant Equation (5) is satisfied.


           ∑   E  i + 1        ∑   E i      ≤ 1          ∑   N  i + 1        ∑   N i      ≥ 2        



(5)









3. Fractal Theory


3.1. Calculation Formula


Fractals are geometric objects that may repeat their geometry at smaller (or larger) scales owing to the inherent self-similarity of the object. This theory has been widely applied in the public sphere and is very helpful for processing microseismic data [47,48]. The fractal dimension is an important theory in fractal geometry and is a central tool used to describe the complex structure of fractal geometries. They are widely used in engineering applications. The process of change in this system exhibits characteristics of continuity and can quantitatively describe the self-similarity, irregularity, and degree of fragmentation of fractal structures. In particular, the similarity and counting box dimensions are frequently used to describe these structures.



Because the distribution pattern of microseismic events is self-similar, fractal theory was used to study the time statistics and calculation method of microseismic events, and the concept of fractal dimension was applied to quantitatively analyze the characteristics of microseismic distribution over time in the Maoping I# orebody.



For dimension similarity, if a graph is composed of  N  similar graphs   1 / r   times its original graph, or its (length, area, and volume) measurements increase to the original   N =  r D   . Taking log on both sides, we obtained   log ( N ) = D log ( r )  . The fractal dimension is defined as:


  D =   log ( N )   log ( r )    



(6)




where D is the similarity fraction dimension, which can be either an integer or a fraction. Usually, the similarity fraction dimension in two-dimensional space is between one and two, and the similarity fraction dimension in three-dimensional space is between one and three. The proposed similar fractional dimension provides a new direction for the study of complex forms and enables people to find order in disorder. A large number of experts and scholars have used the fractional dimension to solve many scientific problems. For example, the degree of geometric irregularities present along a coastline can be measured using the fractal dimension as a criterion [49].



The fractal dimension is calculated by dividing the fractal form into small compartments, and the fractal dimension is calculated from the relationship between the number of intersecting boxes and the unit of division, and the segment N can be regarded as the total number of compartments where the curve intersects the box, i.e., the relationship between  N  and  r  can be expressed as


  ln N ( ε ) = − D ln ( ε ) + A  



(7)




where  ε  is the multiple of shrinkage:   N ( ε )   is the total number of points where the curve and the box intersect; D is the fractal dimension; and  A  is a constant term. Therefore,   ln N ( ε )   and   ln ( ε )   are related linearly.




3.2. Calculation Process


The distribution range of similar microseismics compared with the actual working conditions must be accurately delineated and an ellipsoidal model established. The long axis length is X, the middle axis is Y, and the short axis is Z. Based on the model parameter scaling, a sub-model is established with time    t n    as the variable, and its model parameters are (   X   t n    ,  Y   t n    ,  Z   t n     ). The number of microseismic events within each model is counted, and the relevant index is calculated according to Equation (8).


  μ (  X   t n    ) =    S   t n       S  * 2      



(8)




where    S *    is the total number of microseismic events within the model range, and    S   t n      denotes the number of microseismic events within the submodels constructed at different time periods,   n = 1 , 2 , … n  , the correlation index is calculated in the range of the space–time domain   μ (  X   t n    )  .



Linear fitting of the set of data points (  log  X   t n    , log  S   t n     ) is performed using the least-squares method, as shown in Equation (9):


  k =   lim   x → n     log μ (  X   t n    )   log  X   t n       



(9)







When  k  satisfies self-similarity, the microseismic time fractal dimension    D f    of the null domain can be derived, as shown in Equation (10).


   D f  =  k   



(10)







Based on the above, the calculation process is simplified as follows: the rock burst incubation and occurrence process based on the real-time monitoring by the microseismic system, the total number of microseismic events within the total time course  T , and the number of microseismic event even pairs within the  t  time course are counted based on the instantaneous-type rock burst conception and occurrence process recorded by the microseismic monitor. The correlation index   c ( t )   within the time course  t  is calculated using Equation (8).


  c ( t ) =   2 N ( t )   N ( N − 1 )    



(11)







With   lg t   as the horizontal coordinate and   lg c ( t )   as the vertical coordinate, a right-angle coordinate system is established, and a linear fit is performed. Slope    D t    is the similarity dimension of the microseismic time distribution.


   D t  =   lim   t → T     lg c ( t )   lg ( t )    



(12)







If the fitted straight line has a good linear correlation, it indicates that the rock microsystem fractures are generated in time with a fractal distribution relationship. The value of the slope    D t    is the similar fractal dimension of the temporal distribution of microseismic events. Therefore, the temporal fractal dimension can be calculated using the linear slope method, where the slope value represents the temporal fractal dimension of the microseismic events. This method enables the calculation of the fractal dimension using microseismic events obtained from the monitoring process.





4. Study Case


4.1. Example of Calculations Based on Temporal Fractal Dimension


As shown in Figure 3, the microseismic events in orebody I# were mainly distributed between 13:00 and 16:00 in the morning shift and 18:00 and 21:00 in the middle shift, intercepting these two periods for curve fitting.



The   lg c ( t )   was calculated from the distribution of microseismic events over time. Using the microseismic event time range   lg t   t as the horizontal coordinate (here, t was chosen as 0 to 4, 8, 12, 16, 20, 24) and   lg c ( t )   as the vertical coordinate for linear fitting, the relationship between   lg t ∼ lg c ( t )   for the morning and mid-shift, as shown in Figure 4, had a self-similarity coefficient in the range of 0.955–0.985, indicating a good linear correlation. On this basis, as shown in Figure 5, the distribution of the microseismic time for the subsequent three days was counted, and a fitting analysis was performed.



From the above analysis, it can be concluded that microseismic events exhibit fractal properties over time, as shown in Figure 6. To analyze this further, we took five time periods from each of the three days from September 16 to 18. The slope    D t    of   lg t ∼ lg c ( t )  , the fractal dimension of microseismic events in time, decreased in the process of rock burst gestation to 0.537 on September 18, indicating partial gestation of rock burst during a three-day monitoring period. The magnitude of the temporal fractal dimension was found to be unrelated to the September 16 increase, which corresponded to the accelerated accumulation of microseismic events over time. However, the decrease in the time fractal dimension on September 18 corresponded to a decreasing trend in the number of microseismic events over time. Hence, a larger fractal dimension during the rock burst process indicates a more intense rock burst and a higher risk of occurrence.



The resulting temporal fractal dimensional values can effectively express grade changes in the rock burst incubation process and more intuitively reflect the distribution characteristics of microseismic time points in a specific time period.




4.2. Spatial Distribution Pattern of Microseismic Events


In essence, the breeding process of rock explosions is the damage evolution process of microfractures inside the rock (body). Microseismic and rock microfractures have a close relationship; they can objectively represent the microfracture evolution process, reflecting, continuously and in real time, the generation and expansion of microfractures inside the rock, and they are an effective tool to study the damage evolution of the rock body. It can be seen that the damage evolution process of rock bursts can be reflected by the spatial distribution of micro-rupture activities.



The magnitude of the earthquake is represented by the size of the microseismic event sphere, and the color indicates the time of the event. As shown in Figure 7, in the I# mineral zone area in the plane, the microseismic events were mainly concentrated between lines 92# and 102#; in terms of elevation, they were mainly concentrated between 490 m~350 m.



According to the first mining stratification of the I-8# orebody in the middle section of 430 m, the degree of rock fragmentation and roof collapse damage in the deep area is more serious than that in the upper section; the microseismic events around the I-8# orebody increased abnormally, and the intensity of the microseismic activities increased significantly. We established an analysis model to monitor and analyze ground pressure activity patterns of the I-8# orebody at depths ranging from 430 m to 550 m. The study focuses on various roadways within the mining area, such as slope roads, exit roads, and approach roads, located in the influence area. The model was based on a 430 m elevation and 120 m increase, and the final size of the analysis model was 194 × 190 × 120 m. The model was refined into two models according to the middle section, as shown in Figure 8.



According to the results of the model analysis, the microseismic events between 430–490 m were mainly distributed around the I-8# orebody between lines 94#–98#, while the microseismic events between 490–550 m are mainly distributed between lines 92#–102#. The microseismic events in the aforementioned area were primarily induced by mining operations in the middle section between 490 m and 430 m. Therefore, ground pressure manifestations, such as rock ruptures in the quarry, should be closely monitored and strengthened in this area.




4.3. Actual Working Conditions on Site


According to the actual feedback from the site, the Maoping mine has experienced several smaller ground pressure (or rock burst) events at the top of the mining working face roadway. When subjected to high stresses at depth, whether inherent or caused by mining activity, rock fractures can occur within the support structure. This can result in a reduced bearing capacity of the rock body and detachment of supporting structures, such as pipe slit anchors, from the fractured rock mass. The prolonged action leads to the damage of the 433 m quasi-slope path of the I-8# orebody belonging to this type, as shown in Figure 9. With an increase in mining depth and the superposition of deep high-pressure water, this characteristic of deep fractured rock bodies becomes more prominent.



According to the early warning method, 28 sets of data were counted with 8 h as the step time, and the ratio of the accumulated microseismic events to the accumulated energy and the time period before and after the statistical step time are shown in the table. It can be seen that there are four sets of data simultaneously meeting the early warning index of ground pressure risk, accounting for 14% of all data, especially within 5 days before the rock burst phenomenon. The data meeting the early warning condition are concentrated, comprising 75% of the total early warning data, indicating that this time period has a higher ground pressure risk than other time periods. This is consistent with the predictions of the fractal dimension and spatial distribution pattern analysis.





5. Discussion


The Maoping mine is located in a deep area, where ground pressure phenomena are common. To prevent ground pressure disasters, it is necessary to strengthen the monitoring of concentrated microseismic events and conduct regular underground inspections. If deformation damage, such as roadway collapse, is detected in the top plate, appropriate protective measures, such as closure or support, should be taken promptly. Therefore, the analysis of microseismic monitoring results for rock burst warnings plays a non-negligible role. The spatial and temporal distribution patterns of microseismic events can help us observe their abnormal locations and provide early warnings. The process of microseismic events can be represented more intuitively using the fractal dimension.



The results of the above analysis show that studying the spatiotemporal characteristics of microseismicity is of great significance for predicting rock burst hazards and providing guidance in the field. From the perspective of Section 4.1, with the continuous advancement in mining activities, the microseismic events in the area of concern continue to increase, and the time fractal dimension shows a steady growth phase. When the energy in the volume of the surrounding rock before the rock explosion exceeds the energy storage capacity of the surrounding rock body, the damage in the surrounding rock accelerates. At this time, the number of microseismic events further increases, the time fractal dimension rapidly increases, the time fractal dimension rapidly increases, and the time fractal dimension is rapidly reduced owing to the stabilization of the surrounding rock after the rock explosion. It can be seen that the fractal dimension is a concise and efficient generalization for the analysis of the microseismic time evolution law. Studying the spatial distribution of microseismic events can visually reflect the area of microseismic event anomalies to further refine the study area and provide early warning, prevention, and control of the rock burst phenomenon.



In view of the above analysis methods of the spatial and temporal distribution law, further research is needed. (1) The use of fractal theory to study the law of temporal distribution is consistent with field reality, but the index is single, and more methods of microseismic temporal distribution law need to be explored for comprehensive analysis, and the refinement and comprehensive analysis of this law is necessary. (2) It is necessary to further summarize the spatial distribution law of microseismic events and to analyze the relationship between the dense area of microseismic events and the occurrence of rock burst phenomena. The next step is to promote the rapid identification of early warnings. (3) In the future, it is necessary to analyze the microseismic results from a graphical point of view, achieve accurate and intelligent identification, establish a microseismic image identification and analysis system, automatically generate reports, and continuously correct and improve them in the field.




6. Conclusions


In this study, we analyzed the characteristic relationship between the number of microseimic events and time by monitoring their temporal occurrence. We also used fractal theory to investigate the results. To verify the feasibility of the early warning method, we analyzed the spatial distribution characteristics of microseismic events and established an observation model in the field. The results of the study are as follows:




	(1)

	
The temporal fractal dimension is consistent with the distribution of microseismic events over time, which is related to the accelerated accumulation of events. The growth of the fractal dimension of the rock burst incubation process was consistent over time, and a large amount of microseismic time data can be simplified using the fractal dimension to facilitate field judgment.




	(2)

	
Based on the spatial distribution characteristics of the microseismic time used to build the observation model, the location of microseismic events can be visualized, and the occurrence of rock bursts can be predicted through the density of events for study and judgment. The refined model can highlight the key area that require attention and facilitate long-term observations.




	(3)

	
The reliability of the early warning method was verified in the field, proving that this study is significant for subsequent rock burst monitoring and safe operation of the Maoping mine.
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Figure 1. Structure diagram of microseismic monitoring system. Green and gray represent drilling and measurement points. 
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Figure 2. Calibration blast waveform and positioning results. 






Figure 2. Calibration blast waveform and positioning results.



[image: Applsci 13 04613 g002]







[image: Applsci 13 04613 g003 550] 





Figure 3. Daily hourly distribution of microseismic events. 
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Figure 4. Daily hourly fractal fit of microseismic events. 
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Figure 5. Distribution of microseismic event accumulation and activity time. 
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Figure 6. Temporal fractal fitting of microseismic events during rock burst. 
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Figure 7. Spatial distribution of microseismic events in the I# mineral belt area: (a) top view; (b) east view. Different colored balls indicate different monitored dates; triangles indicate sensor locations; 370 m, 430 m, 490 m, 610 m, 670 m. indicate different mining levels. 






Figure 7. Spatial distribution of microseismic events in the I# mineral belt area: (a) top view; (b) east view. Different colored balls indicate different monitored dates; triangles indicate sensor locations; 370 m, 430 m, 490 m, 610 m, 670 m. indicate different mining levels.



[image: Applsci 13 04613 g007]







[image: Applsci 13 04613 g008 550] 





Figure 8. Focused analysis area model diagram: (a) top view; (b) north view. The shading in (a) indicates the analysis area, the different colors in (b) indicate different analysis areas. 
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Figure 9. Deformation damage of quasi-ramp support in I-8# orebody. 
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Table 1. Calibration of blasting information and positioning results.
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No.

	
Blasting Locations

	
Blasting Time

	
Blasting Actual Coordinates

	
System Positioning Coordinates

	
Error Difference




	
X

	
Y

	
Z

	
X

	
Y

	
Z

	
ΔX

	
ΔY

	
ΔZ

	
Distance






	
1#

	
I-6#610m

Backwind Lane

	
April 1 10:25:04

	
400,821.981

	
45,408.17

	
618.475

	
400,813.9

	
45,415.5

	
625.8

	
−8.1

	
7.3

	
7.3

	
13.1




	
2#

	
I-7#13 Layered entry intersection

	
March 20 14:33:27

	
400,953.817

	
45,693.627

	
635.7

	
400,946.5

	
45,689.5

	
636.2

	
−7.3

	
−4.1

	
0.5

	
8.4




	
3#

	
II-1#670 Mid-Section 4 layered opening

	
April 23 13:17:43

	
400,934.5

	
45,777.8

	
658.7

	
400,937.1

	
45,772.3

	
659.6

	
2.6

	
−5.5

	
0.9

	
6.1




	
4#

	
II-1#670 Mid-Section 4 layered opening

	
April 22 14:45:04

	
400,933.7

	
45,776.4

	
658.7

	
400,935.2

	
45,777.1

	
659.5

	
1.5

	
0.7

	
0.8

	
1.8




	
Average positioning error/m

	
7.4
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