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Abstract: In shale gas hydraulic fracture monitoring or rock acoustic emission experiments, fracture
plane identification is always a complex task. Conventional approaches typically use the source
locating results derived from the micro-seismic event and then interpret the fracture plane using
manual qualitative analysis. Large errors typically occur due to manual operations. On the
other hand, the density-based clustering algorithm with spatial constraints is widely used in
geographic information science, biological cells science and astronomy. It is an automated algorithm
and can achieve good classification results. In this paper, we introduced the above-mentioned
clustering algorithm with spatial constraints to fracture identification applications. Moreover, because
micro-seismic events are 4D in nature, every micro-seismic event has both time and space information.
Hence, we improve the conventional clustering algorithm by incorporating a time constraint. We
test the proposed method using rock acoustic emissions data and compare our fracture identification
results with CT scan images; the comparison clearly shows the effectiveness of the proposed method.

Keywords: hydraulic fracturing; fractures identification; clustering analysis; acoustic emission;
Longmaxi shale

1. Introduction

Shale gas occurs in organic-rich matter in mud shale and in the interlayers through adsorption or
in a free state. Shale gas is the main form of unconventional natural gas, specifically methane and is a
clean and effective energy resource [1]. Large shale gas resource prospects are globally distributed
and account for approximately 50% of global unconventional gas resources [2]. Because the shale gas
reservoir has low porosity and low permeability physical property characteristics, only very few shale
gas wells with significant natural fracture development can be put directly into production. Most shale
gas wells need hydraulic fracturing to achieve the desired production. The construction personnel
can effectively evaluate the fracturing result using fracture monitoring technology. Through fracture
monitoring: (a) We can better understand fracture construction, determine an approximate size of
the crack and determine whether a new crack has been created during fracturing. (b) We can better
understand the production results after hydraulic fracturing, determine whether a crack intersects
the production layer and analyze whether the cracks and natural fractures intersect. (c) We can adopt
fracture optimization and production economic evaluation to optimize fracturing design with an
increase in the construction scale. Therefore, an accurate fracture monitoring method is an effective
tool for understanding the fracturing conditions for a shale gas well.

Energies 2018, 11, 563; doi:10.3390/en11030563 www.mdpi.com/journal/energies

http://www.mdpi.com/journal/energies
http://www.mdpi.com
https://orcid.org/0000-0001-8070-8807
http://dx.doi.org/10.3390/en11030563
http://www.mdpi.com/journal/energies


Energies 2018, 11, 563 2 of 15

At present, many scholars have done much work in crack identification. Through the geological
method, logging method, seismic method, borehole method and mechanical interference stress
test, the cracks can be identified efficiently [3]. At present, the most mature development is using
logging data to identify and evaluate cracks. Because of its effectiveness, this method has been
widely used in oil and gas exploration [4]. However, the method based on logging data is still
pretty limited. Because the coverage area of the well is limited, it is impossible to obtain complete
fracture development situation in the entire work area through limited well data [5]. With the rapid
development of microseismic monitoring technology in recent years, large-scale and high-density
microseismic monitoring has become the standard configuration for the hydraulic fracturing. If we
can directly extract the underground crack information using the microseismic signal. It can not only
save the cost of development but also be able to have a comprehensive understanding of the fracture
development situation.

Micro-seismic monitoring technology enables monitoring of the fracturing process through
observation and analysis of the micro-seismic event in the fracturing process. Its theory is based on
acoustic emission and seismology. For vibration localization, constructors distribute multiple detectors
in the monitoring area and collect seismic data in real-time due to rock burst. These monitoring results
are important to establish the development plan of unconventional oil and gas reservoirs, improve the
effects of mining and evaluate the fracturing effect.

Conventional micro-seismic monitoring typically focuses on extracting the suppressed crack
fracture zone [6]. It is not much research to directly extract the fractures information using microseismic
data. In this paper, the space-time density clustering analysis algorithm is introduced to further analyze
and research the fracture zone produced in the hydro-fracturing process. By introducing density-based
clustering analysis in combination with the micro-seismic effective events attributes, the hydraulic
fracture zone can be divided into various small cracks. Then, the crack distribution and development
information can be extracted from these fine-grained cracks. Therefore, it can provide the basis for
reservoir construction and significantly resolve the actual problem.

This paper consists of four sections: the introduction, description of the spatial attribute
constraints theory based on three-dimensional automatic fracture plane identification, acoustic
emissions experiment results for real-time data and the conclusions.

2. Theory

The theory for automatic identification of the fracture plane for micro-seismic event source
location data is described here. Our algorithm primarily has a two-step procedure. First, we obtain
the micro-seismic event data corresponding to a single fracture surface. We use the clustering method
based on the space-time attribute constraint data to determine these data. Then, the least square fitting
method is used to identify the fracture planes. In the theory section, we first briefly introduce the
more intuitive density-based clustering algorithm, DBSCAN, which uses the three-dimensional space
attribute. Then, through introducing the time latitude, the algorithm will be expanded from three
dimensions to four dimensions. We will expatiate the density-based space-time attribute clustering
algorithm, ST-DBSCAN (Spatial–temporal density-based spatial clustering of applications with noise),
which is the core algorithm for our fracture plane identification method.

2.1. Density-Based Clustering Algorithm with Spatial Constraints: DBSCAN

DBSCAN (Density-based spatial clustering of applications with noise) was developed based on
the density concept [7]. Twenty years after the introduction, the algorithm has become quite popular
due to its simple concept and the relative ease of implementation. An important advantage of the
algorithm is the ability to handle clusters of different shapes and sizes and noisy data, as shown in
Figure 1. The DBSCAN algorithm can identify clusters in large spatial data sets by analyzing the
local density of database elements using only one input parameter. Furthermore, the user receives
a suggestion on which parameter value would be suitable. Therefore, minimal knowledge of the
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domain is required. The DBSCAN can also determine which information should be classified as noise
or outliers.
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Figure 1. This figure (modified from [8]) shows the functionality of DBSCAN algorithm, after applying
DBSCAN, the noises can be excluded and the points can be classified to clusters.

The key concept of DBSCAN algorithm will be elaborated in Figure 2 and it is defined as following:

Definition 1. Eps neighborhood: For the given data set D, ∀p ∈ D, we call the neighborhood which uses object
p as the center, Eps as the radius as the Eps neighborhood of the object p.

Definition 2. Density threshold Minpts: For the given data set D, ∀p ∈ D, the density threshold which make
the object p as the core object is called as density threshold Minpts.

Definition 3. Core object: For the given data set D, ∀p ∈ D, ∀{p1, p2, . . . pn} ∈ D and p1, p2, . . . pn are in
the Eps neighborhood of the object p. If the n is bigger than the density threshold Minpts, that means the number
of object in the Eps neighborhood of object p is bigger than density threshold Minpts, then the object p is the
core object.

Definition 4. Directly density-reachable: For the given data set D, ∀p, q ∈ D, q is in the Eps neighborhood of
the object p and object p is the core object. Then we called q is directly density-reachable from object p.

Definition 5. Density-reachable: For the given data set D, ∀p ∈ D, ∀{p1, p2, . . . pn} ∈ D, p1 = p, pn = q.
For the object pi, if pi+1 is directly density-reachable from object pi about Eps and Minpts. Then we called the
object q is density-reachable from object p about Eps and Minpts.

Definition 6. Density-connected: For the given data set D, ∀p, q ∈ D. If ∀o ∈ D, object p and q are
density-reachable from object o about Eps and Minpts. Then object p and q are density-connected about Eps
and Minpts.

Assume that the input parameter is the Eps and Minpts, DBSCAN algorithm is described below:

1. Inputting the data set and choosing an arbitrary data point x. Checking the Eps neighborhood of
the data point x.

2. If the point x is the core object and has not been divided by a certain class, then finding all
density-reachable object from data point x. Finally, we can get a neighborhood include point x.

3. If the point x is not the core object, then taking the point as the noise.
4. Turn to the first step, repeating the algorithm until all the point in the data set has been handled.
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Figure 2. Key definitions used in DBSCAN approach. (a) Shows a cluster of points. The red point in (b)
is a core object. The green point in (c) is a border point. In (d) all red points are density-reachable objects.

The pseudocode for the main function of the DBSCAN algorithm is shown in Figure 3 and the
workflow for the DBSCAN method is shown in Figure 4.
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2.2. Density-Based 4D Clustering Algorithm: ST-DBSCAN

Spatial-temporal density-based clustering is the extension of the spatial density clustering method,
which uses density as the measurement of similarity between the objects and takes the spatial-temporal
cluster as a series of high-density connectivity regions segmented by low-density area (noise).
Reference [9] proposes the ST-DBSCAN, on the basis of the DBSCAN [10] algorithm, which accounts
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for the time dimension. Reference [11] presents an analogous spatial-temporal clustering algorithm.
However, unlike the ST-DBSCAN, their method can utilize the non-spatial attribution similarity. The
main extension of the ST-DBSCAN algorithm is using the spatial-temporal neighboring areas method,
which is similar to the space-time scan statistics method [12], to estimate the spatiotemporal entity
density. Figure 5 illustrates the concept of the spatial-temporal neighboring area. The spatial-temporal
neighboring area of the spatio-temporal entity STi is defined as a cylinder which has a radius of
R and a height of 2∆T. The density of STi is the entity number in the cylinder spatial-temporal
neighboring area. Other definitions of the ST-DBSCAN are the same as the DBSCAN algorithm,
such as the concept of directly density-reachable, density-reachable and density-connected [10]. The
basic workflow of the ST-DBSCAN is the same as the DBSCAN algorithm seen in Figure 4. Due to
utilizing the time dimension, the ST-DBSCAN algorithm requires three parameters: space radius R,
time window ∆T and density threshold MinPts. First, two parameters are used to determine the
spatial-temporal neighboring area. The ST-DBSCAN algorithm inherits the fine properties of the
DBSCAN algorithm, such as the adaptation to arbitrarily shaped spatial-temporal clusters, non-data
distribution presupposition and noise resistant ability. The series of fine properties is the reason for
choosing the ST-DBSCAN algorithm to perform the spatial-temporal clustering. Moreover, [9,11] gives
the empirical parameters determination method for the three ST-DBSCAN parameters. It includes:
sorting the k-nearest neighbor graph method to determine the spatial radius R and time window ∆T,
taking the ln(N) as MinPts where the N is the spatial-temporal entity number.
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The space-time neighboring region in this figure means two-dimensional of space and one dimensional
of time. The definition of the blue and red dots follows Figure 2.

2.3. Automatic Fracture Plane Identification Implementation

Once accurate clustering results are determined, we will perform the single fracture plane fitting.
Based on the hypothesis of the same crack belonging to the same class, we can obtain an accurate
single fracture plane. This methodology is summarized below:

(1) Obtain high signal-to-noise ratio seismic data
(2) Obtain high precision micro earthquake location results
(3) Obtain the classification results using the clustering analysis algorithm we have proposed.
(4) Use the least squares fitting method to obtain an accurate single fracture plane.

Above, we achieve the automatic fracture surface recognition method theory. We proposed this
method based entirely on space-time data dependencies, without human intervention and with the
characteristics of noise suppression.
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3. Acoustic Emission Verified Experiment

After we proposed our automatic fracture plane recognition algorithm, a verified experiment
was needed to test the effectiveness of our method. For hydraulic fracturing construction, both
the generation of micro-seismic events and fracture plane recognition lack the ability to obtain
underground crushing information. Therefore, we select the rock physical dimension as a testing tool.
Through the rock physics experiment, we can use CT (Computed Tomography) scan results of the
sample to compare with the fracture plane recognition results. Accordingly, if the CT scan results are
similar to the algorithm analysis results, the effectiveness of our fracture plane recognition algorithm
can be verified.

The rock samples of this experiment are the Lower Silurian Longmaxi Shale in the Sichuan Basin.
The Sichuan Basin is a Mesozoic-Cenozoic basin with complex tectonics. The Triassic formation
composed of marine deposits is an important potential resource and reservoir. Shale is an important
part of hydrocarbon source rocks in the Sichuan Basin with the high gas generating ability and large
distribution area. It is the primary contributor of natural gas resources in the Sichuan Basin. Figure 6
shows one of the cores (100 mm × 200 mm) drilled from an outcrop at Jiaoshiba, Chongqing City.
Figure 7 is the original rock core CT scan image. Through the CT scan, we observe that the rock
core has a primary fracture development along the bedding plane of the axial center location, seen in
Figure 7. Using the characteristics of the primary fracture development as the main purpose of the
experiment, we take the original cracks as the fluid injection channel to simulate the fluid injection
process using horizontal well fracturing in the field exploration of the hydraulic fracturing process.
To monitor the acoustic emission signals generated by water fracturing, we lay 20 piezoelectric sensors
(pzt) on the surface of the core. The specimen was sealed by silicone coat to isolate the test sample
from the confining oil. The core preparation process is shown in Figure 8.
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This experiment is performed on a triaxial compression apparatus and a multi-channel acoustic
emission waveform acquisition system at the Japan Industrial Technology Research Institute, as seen in
Figure 9. The system primarily includes a loading system, the acoustic emission counts and waveform
acquisition system and a stress and strain monitoring system composed of three parts. The loading
system includes axial compression loading and confining pressure loading. The pressure vessel is
placed in the uniaxial compression experiment of 2000 tons. Confining oil is pumped through the
pipeline to exert confining pressure on the rock pressure vessel. The acoustic emission waveform
acquisition system is composed of the amplifier and two sets of 12-channel full waveform high-speed
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analog-to-digital conversion cards. The received probe signal passes to the acoustic emission waveform
acquisition card after the 40 dB amplifier. The dead time of the acquisition card is less than 200 µs.
Therefore, we can record the full waveform data of almost all detected acoustic signal emission events
to evaluate the rock damage process in detail. Experiments after the failure events analyze samples
using X-ray CT scanning and the internal analysis of the rock fracture surface shape from the CT scan
is shown in Figure 10.
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After the experiment, we perform an X-ray CT scan of broken rock samples to analyze the internal
fracture surface morphology of the rock. After the scanning analysis, we use the 20-channel full
waveform acoustic emission data of the pzt sensor installed on the core to obtain the acoustic emission
events positioning results, as shown in Figure 11.
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Once we obtain the precise positioning of micro-seismic events and rock fracturing fault CT scans
results, we can start the validation of our automatic fault plane recognition algorithm.

4. Parameter Detection and Sensitivity Analysis

The algorithm of space-time clustering that we used requires three parameters: two Eps
parameters, which specify how close the points should be to each other to be considered a part
of a cluster in the time and space dimensions and one MinPts parameter, which specifies how many
neighbors a point should have to be included into a cluster. Reference [5] provides the empirical
parameter determination method for the three ST-DBSCAN parameters. The method includes: sorting
the k-nearest neighbor graph method to determine the spatial radius R and the time window, taking
the ln(N) as MinPts where N is the spatial-temporal entity number. Because we have 2143 validity
events, the MinPts is equal to 7. For the two Eps parameters, we need to calculate the time and space
distance from each point to its nearest neighbor within the same partition and find the mutations
in the histogram value. This distance will not be accurate for a small fraction of points. However,
this inaccuracy does not significantly affect the overall distribution of the distances. The result for
estimating the two Eps parameters is shown in Figures 12 and 13. It indicates that the vast majority
of points lie within five units from their nearest neighbor in the space dimension and four units in
the time dimension. Therefore 5 mm and 200 ms may be reasonable estimates for the space epsilon
parameter and time epsilon parameter.

The ST-DBSCAN algorithm is dependent on parameter selection. Different parameters values
will result in different results. Therefore, the results of fracture plane identification may depend on
these parameters. Although we have adopted the most widely used empirical formula for parameters
calculation, these formulas also have the data dependency and applicability issues. Accordingly,
we introduced the parameters sensitivity analysis to evaluate the impacts of varying ST-DBSCAN
parameters on fracture plane identification issues. In the sensitivity analysis section, we will follow the
method proposed by [11] and conduct a limited scope sensitivity analysis using a series of parameter
values for the ST-DBSCAN algorithm.
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To evaluate the influence of different MinPts values, we set the fixed Eps (Eps_t, Eps_s) by the
given empirical formula. The MinPts was altered from 5 to 9. According to the different MinPts values,
we draw the calculated clusters results as shown in Figure 14. We can find that a low MinPts means
it will build more clusters from noise, so do not choose it too small. At the same time, we find that
when the value of MinPts is increasing, the algorithm ignored many small classes and fewer classes
are preserved. For the fracture plane identification problem, we know the prior information that there
must be the main crack and there must have amount of small crack. Therefore, we require ensuring the
selection of MinPts does not produce too many clusters and does not make too centralized clustering
results. By comparison the different MinPts selection results, we can find that the MinPts selected
by the empirical formula satisfies the parameter selection criteria. The Minpts obtained through the
empirical formula is suitable for our fracture plane identification problem.
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For the two Eps (Eps_s, Eps_t), we adopted the same analysis method as above and fixed other
parameters to analyze the influence of different Eps (Eps_s, Eps_t) on the clustering results. For the
Eps_s parameter, we set the fixed Eps_t, Minpts by the given empirical formula. The Eps_s was altered
from 3 mm to 7 mm. According to the different Eps_s values, we draw the calculated clusters results
as shown in Figure 15. For the Eps_t parameter, we set the fixed Eps_s, Minpts by the given empirical
formula. The Eps_t was altered from 50 ms to 250 ms. According to the different Eps_t values, we
draw the calculated clusters results as shown in Figure 16. By comparison the different Eps (Eps_s,
Eps_t) parameters selection results, we can find that the Eps selected by the empirical formula satisfies
the parameter selection criteria. The Eps obtained through the empirical formula is suitable for our
fracture plane identification problem.
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5. Results

Based on the choice of algorithm parameters during the acoustic emission data clustering analysis,
the result is shown in Figure 17. Through the clustering analysis, six classes and the primary and
secondary cracks were identified and the noise points were largely removed. We extract the primary
information shown in Figure 18a and use these points for surface fitting to obtain the primary fracture
plane recognition results, shown in Figure 18b. The fracture plane fitting result shown in Figure 18b
is obtained using the least squares regression method. In addition, the results are compared to the
actual fractured rock sample. Through sifting sort, we choose the fracture surface which intersects the
outer surface of the rock sample. Drawing the outer surface intersection line, the results are shown
in Figure 18b. After determining the intersection information shown in Figure 18b, it is compared
to the actual sample. To achieve more intuitive results, the CT scan and the plane fitting results are
overlapped for a comparison display.
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Figure 19 reflect the rupture intersection line between our algorithm results and the actual rock
sample. Through the comparison of Figure 19, the main fracture information is significantly reduced
and the broken side seam also has an acceptable correspondence. These results further illustrate the
feasibility of our algorithm.
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6. Discussion and Conclusions

We proposed a dynamic fracture plane identification algorithm for micro-seismic data. The
primary advantage of the proposed workflow is the utilization of temporal and spatial attribute
constraints, which make it an automated method. In addition, it has anti-noise properties, which
are beneficial for the micro-seismic environment. Through the example of a rock acoustic emission
experiment, we validate this method. The primary fracture in the rock can be identified automatically
and the result is acceptable. The overall crack fracture trend of the rock core will be determined using
the proposed algorithm. Although our method is verified by the experimental data of rock physics,
there are still many limitations to our approach. First, our method is dependent on the selection of core
parameters. Whether the parameters of different lithology rocks can be selected by the same empirical
formula. This issue still needs further discussion. Meanwhile, our method has quite good identification
result for the apparent main fracture. However, the current algorithm cannot get a credible result for
the small and secondary fractures due to the limited acoustic emission data. The follow-up research
needs to mine the geophysical properties of the acoustic emission data, such as the seismic moment
tensor and the earthquake magnitude. Adding these attributes to the clustering algorithm will make
the small and secondary fracture plane identification result more accurate and reliable.

In conclusion, rock physics experimental results show the effectiveness and robustness of our
algorithm. Moreover, future research should incorporate focal mechanism attribute information into
this method. All fractures in the same failure plane acoustic emission events are presumed to have
the same focal mechanism properties. Determining the combination of the space-time attributes and
prior knowledge of the fracturing mechanism will enable this method to explore more information
extraction from the acoustic emission data.
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