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ABSTRACT

Investigation of mining-induced stress is essential for the safety of coal production. Although the field
monitoring and numerical simulation play a significant role in obtaining the structural mechanical be-
haviors, the range of monitoring is not sufficient due to the limits of monitoring points and the associated
numerical result is not accurate. In this study, we aim to present a spatial deduction model to charac-
terize the mining-induced stress distribution using machine learning algorithm on limited monitoring
data. First, the framework of the spatial deduction model is developed on the basis of non-negative
matrix factorization (NMF) algorithm and optimized by mechanical mechanism. In this framework,
the spatial correlation of stress response is captured from numerical results, and the learned correlation
is employed in NMF as a mechanical constrain to augment the limited monitoring data and obtain the
overall mechanical performances. Then, the developed model is applied to a coal mine in Shandong,
China. Experimental results show the stress distribution in one plane is derived by several monitoring
points, where mining induced stress release is observed in goaf and stress concentration in coal pillar,
and the intersection point between goaf and coal seam is a sensitive area. The indicators used to evaluate
the property of the presented model indicate that 83% mechanical performances have been captured and
the deduction accuracy is about 92.9%. Therefore, it is likely that the presented deduction model is
reliable.
© 2023 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Production and hosting by
Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).

1. Introduction

the solution for the mining-induced stress redistribution is the key
to ensure the safety excavation of deep mining (Kaiser et al., 2001;

With the rapid construction of deep large-scale projects, the
problem of long-term stability and dynamic disaster prevention in
deep energy exploitation has become increasingly prominent
(Mohammad et al., 2015; Wang et al., 2022). Actually, the problem
is related to mining-induced stress redistribution during the coal
mining because the excavation of chamber in the intact rock mass
could induce large movement of overlying rock (Kang et al., 2018;
Wang et al., 2020). The in situ stress of rock mass would transfer to
the surrounding area and change the stress distribution, particu-
larly the location ahead the working face. It is well recognized that
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Xie et al., 2011). However, the traditional methods based on elas-
toplastic mechanics theory have limits such as complicated solu-
tion process and large influence of rock heterogeneity (Cheng et al.,
2022). With the development of computer science, structural
health monitoring (SHM) system has been widely used in coal seam
and the data-driven methods are adopted to solve the problem of
stress redistribution (Adam, 2021; Prasanjit et al., 2021). Due to the
complex working conditions and limited monitoring points, SHM
data are sometimes sparse or even missing, resulting in insufficient
perception of the overall stress distribution (Tan et al., 2021a; Zhu
et al., 2022). Therefore, it has always attracted the attention of
mining engineers to understand the abutment pressure distribu-
tion around mining face. For this, this study aims to develop a
spatial deduction model driven by the mechanism and monitoring
data to characterize the mining-induced stress redistribution on
the overall roof of coal seam.
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Over the past few years, great efforts have been made to solve the
problem of mining-induced stress redistribution (e.g. Wang et al,,
2020). Some representative achievements include Protodyakonov
theory (Protodyakonov, 1907) and Fenner solution (Fenner, 1938),
the principle of effective stress presented by Terzaghi (1943), Caquot
formula (Caquot and Kérisel, 1948), Kastner solution (Kastner, 1971),
and the key stratum in ground control presented by Qian (1984).
Most of the classical methods used to solve the stress redistribution
problem are developed on the basis of the elastoplastic theory. But it
is difficult to define the cell body due to the size effect of rock mass.
In addition, the cell cube is usually assumed to be continuous and
homogeneous (Zhang et al., 2020), which ignores the anisotropic
effect of rock mass. To this end, the probabilistic model is regarded as
a new method to characterize the mining-induced stress redistri-
bution since both the discontinuous tangential stress and supporting
pressure produce a complicated evolution process from in situ stress
to stress increase, stress release, and failure at a macroscopic scale
(Wang et al., 2019; Rami et al., 2020). Correspondingly, the statistical
models such as Weibull distribution, Gumbel distribution, and
Gamma distribution were adopted to describe the evolution process
of rock mass, based on which the stress distribution models were
developed in macroscopic scale (Cao et al., 2022; Gonzalez et al.,
2022). However, the solution obtained from the probabilistic
model is not robust due to the lack of modeling data and the
incompact integration with mechanical mechanism.

With the development of big data technology, machine learning
on SHM data (ML-SHM) is regarded as a reliable method to obtain the
mechanical state of structure (Du et al., 2021; Mohammad et al., 2021;
Tan et al., 2022a). The ML-SHM method has been widely used in the
data analysis of many underground and subsurface facilities, such as
tunnel engineering, pit engineering, and landslide engineering (Li
et al., 2022). This method has played an important role in moni-
toring signal processing, anomaly detection, and structural mechan-
ical behavior prediction (Tan et al, 2020; Prosper et al., 2022).
Unfortunately, the monitoring data are sometimes inaccurate
because the sensors used to collect the stress data are usually installed
in the cracked coal seam (Qin et al., 2022). For example, the moni-
toring for stope is restricted by the number of monitoring points,
which brings a challenge to perceive the redistribution property of
mining-induced stress in the stope. In fact, the insufficient perception
for the overall mechanical behaviors of the structure occurs in many
fields. At present, it has become an important solution to dynamically
reconstruct the structural mechanical response using matrix as the
intermediate variable, which has been applied and verified in the loss
signal recovery of wireless system, temperature signal reconstruc-
tion, monitoring of global air quality, and other fields (Teng et al.,
2019). It has also been proved that non-negative matrix factoriza-
tion (NMF) is superior in dimension transformation, based on which
the limited time series of monitoring data could be used to derive a
multi-dimensional matrix representing the mechanical variation of
more spatial positions (Ludefia-Choez et al., 2019).

To this end, this study aims to present a spatial deduction model
to perceive the mining-induced stress of overall coal roof in view
data-driven point. As a case study, the presented model is
employed in the coal mine to perceive the mining-induced stress of
a panel and prevent disasters in advance. This study is supposed to
promote the development of intelligent construction in the field of
coal mining.

2. Spatial deduction model for the mining-induced stress
2.1. Framework of spatial deduction model

Restricted by the limited number of monitoring points in the
field, it is impossible to perceive the response of mining-induced

stresses of overall walls and that ahead of the working face
(which are referred to as the overall mining-induced stress). This
section aims to develop a spatial deduction model to characterize
the overall response of mining-induced stresses on the basis of
limited monitoring information. The flowchart of the presented
model is displayed in Fig. 1. Clearly, the spatial deduction model
mainly consists of three components, data-driven model fusing on
NMEF algorithm, numerical simulation, and model optimization. The
mechanical correlations captured from numerical results are
embedded into NMF model to optimize the data-driven model.

First, the roof of coal mine is represented by a matrix, where the
roof is separated into infinitesimal elements and each element has
a corresponding unit in the matrix. The matrix is sparse because
only the units corresponding to the elements where the monitoring
points are arranged have the values, and the rest are null. Therefore,
the problem of spatial deduction for mining-induced stress is
transformed into imputing the null values of matrix via the sparse
values. Obviously, this problem can be solved if the correlation
between the units in the matrix is obtained. For this, the numerical
simulation is used to learn the spatial distribution characteristics of
mining-induced stress and capture the spatial correlations pre-
liminary. Then, a matrix with values is derived according to the
spatial correlations. Finally, the error between the deduced results
with actual monitoring data is used to inverse the parameters in
deduction model. If the error is the smallest, the procedure would
terminate and the calculated result of matrix is the spatial mining-
induced stress (Tan et al., 2021b). The methodology of each
component is introduced as follows.

2.2. Data-driven model fusing on NMF

Supposing a plane in the coal mine roof is separated into m
layers in y-axis and n layers in x-axis, as shown in Fig. 2, the cor-
responded sparse matrix is generated, Xe R™*", where the j th
element in the i th row of the plane corresponds to the unit of (i,j)
in the matrix. It has been proved that NMF is superior to capturing
the core features of data in the matrix and calculate their weights
respectively, so this algorithm is adopted to impute the empty units
in the sparse matrix in this study. The values in the empty units can
be derived by reducing the dimension of the sparse matrix and
reconstructing it. For the sparse matrix Xe R™*", NMF approximates
it through two low rank matrices W and F (Ludena-Choez et al,,
2019):

Numerical modeling

| Spatial correlation learning |

| (DD pEEEEssng | —>{ Mechanism modified objective function ‘
Reconstr:uctlon of Matrix faf:torization vyith
coal mine roof mechanical constraint
No

f objective function

Yes

| Optimal deduction results |
¥

Spatial distribution of

mining-induced stress

ML-SHM model

Matrix transform for
coal mine roof

Determination of
objective function (SGD)

End

Fig. 1. Flowchart of the presented spatial deduction model (SGD: Stochastic gradient
descent).



2870 X. Tan et al. / Journal of Rock Mechanics and Geotechnical Engineering 15 (2023) 2868—2876
Matrix characterization . Deduction results
. Sparse matrix .
for coal mine with no empty
0 - 0
? ? ? " : 3 1
1 : : : 4 Monitoring S
) = —-/;}/ - point 0 0 )
7 - Null value >
m P D ?/ m
1 2 n = 1 2 n
Spatial correlations
Fig. 2. Formalization of NMF model on the roof of coal mine.
X~WF (D &
o
where We R™<" is the weight matrix, Fe R"*" is the feature matrix, z &8
<

and h < min(m, n) is the converted dimension.

Based on these two matrices, a dense matrix with no null value
would be reconstructed. In this model, the SGD is adopted to learn
W and F, and L2 regularization is applied in the loss function.
However, due to the complex geological conditions of coal mine,
the constraints on these two matrices are not sufficient, and the
boundary conditions need to be considered. Therefore, it is essen-
tial to introduce the mechanical mechanism to modify the simple
L2 regularization.

2.3. Optimization for NMF model

2.3.1. Analysis for the mining-induced stress distribution

The existing studies have indicated that the stresses in the front
and two sides of the working face have similar variation trend. As
the distance from the working face increases, the stress increases
significantly at first, then decreases, and finally stabilizes, as shown
in Fig. 3a. This is a macroscopic reflection of crack development
during mining, rather than a random phenomenon. Furthermore,
the distribution characteristics of mining-induced stress reflect the
whole evolution trend of crack, from initial crack, close and expand,
local link, to entirely crack link, which correspond to the in situ
stress zone, slightly disturbed zone, violently disturbed zone, and
stress relief zone (Wang et al., 2019), as shown in Fig. 3b. Then,
some statistical models are used to describe the evolution trend of
mining-induced stress, and it is found that Weibull formula is one
of the commonly used methods (Vitor and Claudio, 2020). Two
parameters, k and w, are used to determine the shape and magni-
tude of a Weibull curve. The recommended form of Weibull for-
mula is as follows:

i =55 e[ ()]

where ¢, represents the vertical stress of coal mine roof, and x
represents the distance to the free face.

The values of parameters k and w are close to the spatial posi-
tions. For example, the values at point a are different to that at point
b due to the distance difference to the coal pillar, which means that
a single Weibull formula is suitable to describe the distribution
characteristics of mining-induced stress in one direction but
insufficient to characterize the overall stress in one plane. However,
it is impossible to obtain the spatial Weibull curves when only rely
on the limited monitoring data as they are of a local area. To this
end, the numerical model is adopted to simulate the overall

(2)

Coal seam
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a
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Fig. 3. Schematic diagrams of the mining-induced stress redistribution: (a) Spatial
distribution of mining-induced stress; and (b) Whole evolution trend of stress.

distribution characteristics of mining-induced stress. Based on the
simulated data, the spatial correlations of mining-induced stress in
the overall roof can be captured and described by Weibull formula
with variable parameters.

2.3.2. Modified objective function

The objective function is used to train an optimized model with
minimum error. In this study, it is used to make the deduced result
of stress as approaching as possible to the actual situation. The
recommended form of traditional objective function obj’ is as
follows:

obj' = > [Xi; - w;. .FTJH2 (3)
(

ifeA
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where W; . is the ith row vector, FTJ is the transposition of jth col-
umn vector, and A is the subscript set of non-empty unit in the
matrix.

According to the analytical results of mining-induced stress
distribution, a modified objective function considering the spatial
correlation of mechanical response is introduced in this study. This
item is used to make the deduced result to as approach the Weibull
formula. Using Eq. (3), the modified objective function is given as
follows:

obj= > ‘
(ij)eA

e M_ N 5
Xij*Wi,;'F;JH +r1 Yo > |Xij - o (4)
i—1j=1

where v; M | SN ||1X;; — o2||” is the item of boundary condition
constraint, and vy is a hyper-parameter used to balance the weight
of the mechanical constraint.

In order to evaluate the deduction capability, three evaluation
indicators are adopted in this study, i.e. root mean square error
(RMSE), mean absolute percentage error (MAPE), and Pearson
correlation coefficient (PCC). Specifically, RMSE is used to measure
the deviation between the deduction value and the actual data (Tan
et al.,, 2022b):

RMSE = (5)

where y; and y; are the actual data and deduction results,
respectively.

MAPE is a dimensionless indicator to measure the ratio of ab-
solute error to the ground truth, which can be used to describe the
deduction accuracy of the presented model. It is calculated as
follows:

Vi — Vi

Vi

MAPE = (6)

100% &
>

i=1

PCC is used to measure the correlation of deduction results with
ground truth. Its value represents the learning ability of the
deduction model to the variation trend of stress data. The larger
value means the stronger correlation between the deduction re-
sults and the actual data. The calculation formula is

S i V)i — Vi) ™)
S0 = V)P 3 - 9i)

PCC =

where y; and i- are the average values of actual data and deduction
results, respectively.

3. Field monitoring for a study case
3.1. Geological and mining conditions

A panel of coal mine, located in Jining, Shandong Province, China
is selected as study case. The overburden of this panel is about
661.2 m, and the length and width are 1400 m and 245 m,
respectively. The mining conditions in the site are displayed in
Fig. 4, where haulage roadway and ventilation roadway, with a
width of 5 m are pre-extracted.

In addition, the geological layer of panel immediate roof is
mudstone with an average depth of 0.8 m. The main roof is
comprised of fine-grained sandstone, with an average depth of
12.9 m. The immediate floor of the panel is siltstone with a depth of
1.54 m. The main floor consists of fine-grained silt-stone with an

(BT Goaf 7L Fiber optical 117 Coal pillar 3172207
< 90"‘“ ﬂ ﬂ ﬂ ﬂ ﬂ ﬂHaulageroadway
R U% S1 S2 S3 S4 S5 S6 S7 S8 Stresssensor
wn
- o
B = =
P q & Panel 6303
o ¥ RSTRRSY g
=] T +
. Panel 6302 ) Ventilation roadway
L 1400 m

Fig. 4. Mining conditions of Dongtan coal mine.

average depth of 7.7 m. The detailed geological conditions of the
overlying rock are shown in Fig. 5, and the mechanical properties of
different geological layers are listed in Table 1.

3.2. Monitoring scheme in the site

Due to the effect of high stress distribution around the mining
area, the microseismic events occurred frequently in this panel
during the extraction process. In order to capture the mechanical
behaviors of the roof rock, some stress sensors are installed in the
field. Different to the traditional monitoring scheme, the sensors
are installed in the intact and homogenous main roof rather than
soft coal seam (Fig. 6), which reduces the installation difficulties of
drilling and ensures the reliability of monitoring data. The details of
the stress sensors and its installation technology can be found in
Zhao et al. (2020). In Fig. 4, a total of 8 monitoring points (S1 to S8)
is determined in the site and the distance between every two
monitoring points is 90 m along the mining advance direction. The
drilling is inclined about 35° with a depth of 15—20 m. Each sensor
records the stress changes within 120 m ahead of the working face
with a sampling interval of 3 m.

According to the designed monitoring scheme, the average
stress variation recorded by several sensors is calculated, as dis-
played in Fig. 7, where oxx is the stress along strike direction, ayy is
the stress along dip direction, and o, is the normal stress. It can be
found that the stresses increase with the approach of working face.

Overlaying s01l—\ P
Mudstone RN &
32.09m |8
sil 3 g
iltstone —
16.02m
Gri =
ritstone —\
13.09m
: § T 5m
Fine sandstone S
R
Siltstone COCERRRTRN J}s m
BN 1m
Codl il §52m

Fig. 5. Geological layers of overlying rock.
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Table 1
Property parameters of different geological layers.
Geological layers Bulk Shear Density Cohesion Internal
modulus modulus  (kg/m?®) (MPa) friction
(GPa) (GPa) angle (°)
Siltstone 12.88 6.64 2500 5.5 24
Medium-sandstone 12.41 8.93 2800 6.4 25
Fine stone 9.84 8.01 2780 5.7 238
Gritstone 17.2 11.84 2855 6.2 32
Coal 1.77 1.44 2410 23 27
Mudstone 6.31 3.97 2400 3.2 32.6
Overlaying soil 13.33 8 2510 6 24

In addition, the response of stress varies in different directions, and
that of z-axis is largest. The study focuses on the analysis of mining-
induced stress in vertical direction, which reflects the mechanical
state of the coal mine roof in order to prevent mining disasters.

4. Spatial response correlations of mining-induced stress

Although the numerical result is rough to describe the magni-
tude of mining-induced stress, the spatial correlations of mechan-
ical responses in the calculated results are important. To this end, a
numerical model is developed to obtain the mining-induced stress
dataset to capture the spatial correlations.

4.1. Numerical modeling of mining-induced stress

In order to understand the impact of mining on stress redistri-
bution, especially that on the goaf, the finite difference method is
adopted for modeling (Mikhail et al., 2020; Dakshith et al., 2022).
According to the geological conditions in the field, the size of the
numerical model is 270 m x 450 m x 260 m, where the strike
length is 270 m, the dip length is 450 m, and the height is 260 m. In
addition, the width of the working face is 245 m, the width and
height of roadways are 5 m, and the widths for the goaf and enti-
tative coal seam are 100 m and 95 m, respectively. In this model, the
solid elements are adopted to simulate the mechanical behavior of
stope, and the Mohr-Coulomb formula is adopted to simulate the
plastic behavior. The developed numerical model of the study case
is displayed in Fig. 8.

In order to calculate the mechanical response of mining-induced
stress, the stress in the vertical direction is arranged on the roof of
coal mine:

0 1 1 1 1 1
20 40 60 80 100 120

Distance to working face (m)

Fig. 7. Monitoring results of mining-induced stress ahead of the working face.

l
F= > ol (9)
i=1

where [ is the number of geological layers of overlying rock, ¢; and
h; represent the unit weight and height of layer i, respectively.

Furthermore, the fixed constraints are applied on the surfaces of
bottom, left and right, front and back. According to the results of in
situ rock stress testing in the field, the lateral pressure coefficients
at x- and y-axis of the coal mine roof are determined as 0.8 and 1.4,
respectively.

4.2. Analysis of the numerical results

Using the developed model, the mining-induced stress distri-
bution on the panel roof can be obtained. For example, the nu-
merical result of stress in the plane where the monitoring points
are arranged is extracted, as shown in Fig. 9. Obviously, the stresses
in the front and two sides of the working face are larger than that in
other positions, and the stress decreases gradually with increase of
the distance from the working face. Furthermore, the mining-
induced stress at the side of the goaf is greater than that at the
solid coal, which denotes that the goaf has great influence on the
mining-induced stress redistribution.

Specially, the evolution trend of mining-induced stress is
derived, as shown in Fig. 10. Fig. 10a shows the stress distribution
along the strike direction, and Fig. 10b and c shows the stress

w
< w099

S —>

V77 Mudstone
oo 0l Ivs
rr 250 rr

I/

Stress sensor

- Overcoring
. testing

Fig. 6. Sketch map of FBG sensor installation.
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Fig. 8. The numerical model a panel in coal mine.
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Fig. 9. Spatial distribution of mining-induced stress characterized by numerical
results.

distribution along the dip direction. It can be found that the
mining-induced stress distribution agrees with Weibull distribu-
tion features. In the statistical model formalized on the numerical
data, the Weibull formula is described with red lines. The shape
parameter k and magnitude parameter w are derived, which vary
with different positions. Therefore, the distribution characteristic of
mining-induced stress can be described using the Weibull formula,
and used to derive the values of k and w at different positions of the
overall coal mine roof.

4.3. Spatial correlation using numerical results

Based on the stress distribution obtained from numerical model,
this section aims to derive the spatial correlation of stress response
using Weibull formula. It has been proved that the mining-induced
stress obeys the Weibull formula in both of the strike and dip di-
rections. Therefore, the spatial correlations of mining-induced
stress in the front and sides of working face can be captured
separately according to Eq. (2). When the indexes of the divided
elements are defined according to Fig. 11, the Weibull formula in the
front of working face is formalized as

Oie(r1:r2)j(X) = g(g) ! exp [— (g)k} (10)

Stress (MPa)
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Fig. 10. Evolution trend of the mining-induced stress in (a) Front; (b) Goaf side; and (c)
Unexploited side.
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where r1, r2 are the beginning and ending index of the raw in front
of working face, which are set to be 35 and 117 in this experiment.
Similarly, the Weibull formula of the side is formulated as

follows:
Ao ()] )

where r is the number of rows in the plane that are divided, and set
to 150; and y is the distance from the working face in the direction
perpendicular to mining advance.

According to Egs. (10) and (11), the spatial correlations of
mining-induced stress in the overall roof of coal mine are captured.
The learned correlations would be adopted to optimize the NMF
model to deduce the in situ mining-induced stress.

Oic (1:r1,r2:1)j (V)

5. Model application to the dongtan coal mine
5.1. Data preprocessing and model preparation

The monitoring data obtained in the study case is adopted to
verify the presented model. As mentioned above, the sensor col-
lects data every 3 m of excavation and each sensor can record the
stress distribution within 120 m, so 40 monitoring data are recor-
ded by one sensor. Correspondingly, the plane that the sensor
installed is divided into the element with side length of 3 m, as
shown in Fig. 11. The method for assigning the monitoring value to
the corresponding units in the matrix is available in Appendix A.
Consequently, the indexes of the units corresponding to the
monitoring data are calculated by

Ayj,i = 40,je [27 : 67) (12)

Overfitting is a common problem in machine learning, which is
mainly caused by the pursuit of minimizing the error between the
calculated results and the truth values. In order to avoid the over-
fitting problem, the recorded data is randomly divided into three
datasets, i.e. training set A, testing set A, and validation set Ay,
according to the approximate ratios of 0.7, 0.2, and 0.1. The data in
the training set and testing set are used for calculation, while the
data in the validation set are used for model verification. Therefore,
the objective function is performed according to Egs. (4), (10) and
(11), which is formalized as follows:

Weibull distribution

AA A A A A A

1 I 3m For g
Goaf
33 11 .
|
35 | 3m) Mpnitdring | point| - =
40 > 8
.o =
=
. - =
117 >
! = Mining advance
119
s :|> Coal
150
y T b sl o TR
| Y Y Y YTY Y e Y OY Y
1 26 27 67 90

Fig. 11. Indexes of each unit in the matrix.

5 117
obj= > |xi-wi BT+ >
(ij)€ A, A i=35

90 33 90 150

x Z ||Xi.j_‘7(x +72 Z Z lJ_U(y +'Y3 Z

j=27 i=119,

90 )
x> |[Xij— o)
i=
(13)

where y, and vy3 are the hyper-parameters used to balance the
weight of Weibull constraint.

Considering the length of divided element is 3 m, x and y can be
calculated as follows:

X =3%; y = 3% (14)

According to the pre-trained spatial correlation on numerical
results and the limited monitoring data in the field, the redistri-
bution of mining-induced stress is derived in Fig. 12. It can be found
that the distribution characteristics of mining-induced stress ob-
tained from the deduction model are consistent with that obtained
from numerical simulation.

5.2. Discussion for the spatial deduction results

In order to verify the reliability of the spatial deduction model,
the numerical results are adopted to compare with the deduction
results. The calculation results corresponding to the positions
where the monitoring information is recorded are shown in Fig. 13.
Obviously, these three curves follow the same trend, while the
variation magnitude is different. In contrast to the numerical result,
the error of deduction result is smaller because the stress curve of
the deduction result is closer to that of the actual monitoring result.
It is indicated the necessity to present such ML-SHM model
although numerical simulation can be used to deduce the me-
chanical behavior of the overall roof. Therefore, the presented
spatial deduction model is reasonable to obtain the mining-
induced stress of the coal mine roof.

Inputting the monitoring data in validation set and the corre-
sponding deductions into Eq. (5)—(7), it shows that the calculated
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Fig. 12. Deduction result of the mining-induced stress.
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Fig. 14. Mining-induced stress of some positions in site (a) Front and (b) Goaf side.

values of PCC, RMSE, and MAPE are 83%, 3.14 MPa, 92.9%, respec-
tively. This indicates that 83% mechanical characteristics have been
captured by the spatial deduction model. The error between the
deduction results with actual monitoring data is less than 3.14 MPa,
and the deduction accuracy is about 92.9%. Therefore, the pre-
sented model is reliable.

5.3. Application of the actual mining-induced stress

According to the deduction results in Fig. 12, the stress response
to coal mining can be analyzed. Three stress distribution curves
located in the front of working face, goaf and unexploited coal seam
are extracted from the deduction results, as displayed in Fig. 14. The
deduction results denote that the stress in coal seam increases
suddenly and then drops to stable, and the trend values of both
them are close to 20 MPa. Compared to the stresses of two sides, the
location of maximum stress is different. The maximum value of
mining-induced stress at the goaf side is located at the coal pillar
rather than the goaf roof. Furthermore, the stable stress value of
goaf roof is about 5 MPa, which is far less than that of coal seam.

In summary, coal mining induces stress release of goaf and
stress concentration of coal pillar, and the maximum value of the
concentrated stress is nearly 50 MPa. In order to ensure the safety
of coal mine, it is essential to reserve coal pillar with sufficient
width. Furthermore, the in situ stress of coal mine is about 20 MPa
and the sensitive area of roof is the intersection of goaf and coal
seam in front of working face, which is the essential location to
arrange Sensor.

6. Conclusions

In this study, a spatial deduction model was presented to
characterize the mining-induced stress distribution through NMF
algorithm using sparse monitoring data. The presented model is
used to solve the problem of insufficient perception of the stress
state of the roof, and provide guidance to ensure the safe operation
of underground engineering.

There are strong spatial correlations in the structural mechani-
cal response, which were precaptured on the numerical dataset.
The mining-induced stress distribution in front of working face
satisfies Weibull formula. Then an integrated model is presented to
characterize the spatial distribution of mining-induced stress,
where the mechanical correlations captured from numerical results
are embedded into NMF model to optimize the pure data-driven
model. The deduction results shown that the goaf has a signifi-
cant influence on the redistribution of mining-induced stress,
which induces stress release of goaf and stress concentration of coal
pillar.

As a study case, the presented model is formalized on the mine
coal to characterize the mining-induced stress of the overall roof.
Compared to the numerical results, the deduction results agree well
with the actual monitoring data, where 83% mechanical charac-
teristics have been captured and the accuracy is about 92.9%.
Therefore, the presented model is reasonable and it would play a
great role in promoting the smart management of coal mining.
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