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Abstract: The development height and settlement prediction of water-conducting fracture zones
caused by coal seam mining play an important role in the stability of overburden aquifers and the
safety of roadways. Based on the engineering geological data of the J60 borehole in the Daliuta
Coal Mine and the mining conditions of the 2−2 coal seam, China, this study established a similar
material test model of mining overburden. The deformation characteristics of overlying strata in
the mining process of coal seam were studied by using distributed optical fiber sensing technology,
and the development height of water flowing fractured zone was determined. According to the
equidistant sampling characteristics of Brillouin optical time domain reflection technology and the
principle of the grey theory model, the settlement prediction model of the water-conducting fracture
zone was established. By analyzing and comparing the prediction accuracy of the GM (1, 1) model,
grey progressive model, and metabolic model, the optimal method for settlement prediction of the
water-conducting fracture zone was discussed. The results show that, for the metabolic model, with
the increase in the number of test sets and the decrease in the number of prediction sets, the mean
square error ratio c and the small error probability p of the prediction accuracy evaluation parameters
display a downward trend. The accuracy is related to the sudden change in the settlement of the
water-conducting fracture zone caused by the breaking of the key stratum of the overlying rock.
The optimal time of test sets selected for the best settlement prediction model is 7~8, and that of
prediction sets selected is 5~6. For the GM (1, 1) model and the grey progressive model, the prediction
accuracy of mining overburden subsidence is grade 4, which is not suitable for settlement prediction
of water-flowing fractured zones.

Keywords: mining overburden; grey theory; sensing optical fiber; settlement prediction;
distributed monitoring

1. Introduction

As China’s main energy source and important chemical raw material, coal plays an
irreplaceable role in ensuring energy security. After the underground coal resources are
mined, the overlying rock mass moves to the goaf, and the caving zone, fracture zone, and
bending subsidence zone are formed in the overlying strata, referred to as the ‘three zones’.
Among them, the sum of the caving zone and the fracture zone is collectively referred to as
the water-conducting fracture zone [1]. The spatial relationship between the development
height of the water-flowing fractured zone and the distribution of the aquifer determines
the risk of water inrush in coal mine roadways [2,3]. Therefore, the development height and
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settlement prediction of the water-conducting fracture zone caused by coal seam mining
play a very important role in the safety of coal mine roadways.

In terms of the measurement of water-conducting fracture zones, geophysical explo-
ration [4,5], the borehole pumping test and water injection test [6–8], borehole TV method
detection [9,10], and other instruments and methods are used to monitor the mining over-
burden rock, analyze the physical characteristics of rock and soil fracture evolution, and
determine the development height of the ‘three zones’ in the overlying strata. The above
testing techniques and methods are affected by the properties of rock and soil and the
change in aquifer water level; as a result, it is difficult to quantitatively describe the devel-
opment height and potential fracture development characteristics of the water-conducting
fracture zone. By contrast, the numerical simulation method can quantitatively study the
influence of coal mining on overburden disturbance, but it ignores the mining fracture
and rock movement state, resulting in low simulation accuracy [11,12]. Distributed optical
fiber sensing technology can be used to obtain the continuous distribution information of
the measured field in time and space at the same time along the optical fiber path, which
can accurately locate the position of the event and make up for the lack of test accuracy in
the deformation monitoring of mining overburden [13]. At the same time, the distributed
optical fiber is suitable for coal mining overburden deformation monitoring because of
its high stability [14], wide monitoring range [15], strong anti-electromagnetic radiation
ability [16], dynamic perception [17], and other advantages. Based on the many advantages
of distributed optical fiber technology, the deformation of mining overburden is monitored
to provide technical support for the safe advancement of the coal mining face.

The settlement prediction of a water-conducting fracture zone is an important means
to evaluate the potential cracks of overlying strata. In view of the characteristics of large
thickness, complex multi-field action, and long disturbance time of coal seam mining
overburden, the grey theory can transform the irregular original data into a more regular
generation sequence and then model it to solve the problem of subsidence prediction of
mining overburden. At present, based on the measured data of surface settlement, the
grey theory settlement prediction model has been established [18,19]. Because the selected
surface monitoring data are not directly related to the formation properties and coal seam
mining conditions, there is a large error between the predicted results and the actual
settlement [20]. The accuracy of the prediction model is an important factor that affects the
correctness of the prediction function.

This study, aiming at the problem of subsidence prediction of water-conducting frac-
ture zones caused by coal seam mining, used distributed optical fiber sensing technology to
explore the subsidence evolution characteristics of water-conducting fracture zones caused
by coal seam mining through the model test of mining overburden. Combined with the grey
theory model, the subsidence prediction method of mining overburden was established. By
comparing different prediction data and prediction methods, the optimal prediction model
was selected. According to the accuracy criterion of the grey theory model, the accuracy of
settlement prediction based on the grey model was discussed. On this basis, the applicable
conditions of the grey theory model in the prediction of water-conducting fracture zones
were put forward. The research results provide a theoretical basis for the prediction of
overburden settlement and fracture evolution in coal mines.

2. Prediction Method of Mining-Induced Overburden Subsidence Based on
Grey Theory
2.1. Basic Principle of Grey Theory Model

The grey prediction model can describe the development trend of the system with
limited data. In grey theory, the GM (1, 1) model, grey progressive prediction model, and
metabolic model are the main methods of subsidence prediction in coal mine goaf [21,22].
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The GM (1, 1) model is used to perform a cumulative generation (1-AGO) operation
on the equidistant monitoring original data sequence X(0) to obtain a new sequence X(1).
The prediction formula for the GM (1, 1) model is shown as follows [19].

X̂(1)(k + 1) =
[

X(0)(1)− µ

α

]
e−αk +

µ

α
, k = 0, 1, 2, · · · , n (1)

where the original sequence X(0) =
{

x(0)(1), x(0)(2), · · · , x(0)(k), x(0)(n)
}

; prediction se-

quence X(1) =
{

x(1)(1), x(1)(2), · · · , x(1)(k), x(1)(n)
}

; α denotes the development coeffi-
cient, reflecting the change trend of x; and µ represents the grey action quantity, reflecting
the change in data sequence.

By substituting k = n into Formula (1), the n+1 prediction result is obtained according
to the previous n data.

Before the grey prediction modeling of the settlement sequence data, it is necessary to
use the grade ratio test to determine the feasibility of the grey model prediction. When the
level ratio of the original sequence data satisfies λ0(k) = const, the sequence data can be
modeled by GM (1, 1), as shown in Formula (2).

λ0(k) ∈ (e
−2

n+1 , e
2

n+1 ) (2)

It can be seen from Equation (2) that the level ratio of the original sequence data
predicted by the grey model falls in the range of (e

−2
n+1 , e

2
n+1 ), and the model GM (1, 1) data

are used for grey prediction.
The grey progressive model is used to add the new prediction data x̂(0)(n + 1) to

the last data in X(0), and the n + 1 data are used as the original data to model the data
sequence and re-estimate the model parameters. As the number of prediction periods
or actual observations increases, the characteristics of poor information data in the grey
progressive model change, and the influence of old data on the prediction results may
decrease continuously.

The metabolic model is based on the grey progressive model. The predicted value
calculated by the GM (1, 1) model is added to the final data of the known sequence, and
the first data x(0)(1) of each group are deleted to maintain the same sequence dimension.
Then, a new GM (1, 1) model is established for the next prediction, and the prediction is
carried out in turn.

The sampling interval of distributed optical fiber sensing of mining overburden is set
to 0.05 m, which belongs to equal interval data, and the data sequence is suitable for the
GM (1, 1) model.

2.2. Model Accuracy Test

For the accuracy discrimination of the grey prediction model, the posterior difference
test and the grey correlation degree test are used [23].

(1) Posteriori error test

The calculation method of the mean square error ratio (C) and the small error proba-
bility (P) in the residual test is shown in Formulas (3) and (4).

C =
S1

S2
(3)

P = P
{∣∣∣∆(0)(i)− ∆

∣∣∣ < 0.6745S1

}
(4)

In Formula (3), S1 denotes the mean square error of the original sequence X(0)(k), and
S2 denotes the mean square error of the residual sequence e(k).
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(2) Grey correlation degree test

The grey correlation degree (r) is a quantitative representation of the degree of corre-
lation between various factors. The calculation formula of the grey correlation degree is
shown in Formulas (5)–(7).

r =
1 + |m|+ |m′|

1 + |m|+ |m′|+ |m−m′| (5)

m =
n−1

∑
k=2

[
s(0)(k)− s(0)(1)

]
+

1
2

[
s(0)(n)− s(0)(1)

]
(6)

m′ =
n−1

∑
k=2

[
ŝ(0)(k)− ŝ(0)(1)

]
+

1
2

[
ŝ(0)(n)− ŝ(0)(1)

]
(7)

According to the mean square error ratio (C), small error probability (P), and grey
correlation degree (r) of the grey model, the prediction accuracy is divided into four grades.
The test and evaluation standards of prediction accuracy are shown in Table 1 [24].

Table 1. Accuracy grades of grey theory model.

Accuracy Grade Mean Square
Deviation Ratio

Probability of
Small Error Correlation Degree

Grade 1 (good) C ≤ 0.35 p ≥ 0.95 r ≥ 0.9
Grade 2 (qualified) 0.35 < C ≤ 0.5 0.8 ≤ p < 0.95 r ≥ 0.8

Grade 3 (barely) 0.5 < C ≤ 0.65 0.7 ≤ p < 0.8 r ≥ 0.7
Grade 4 (unqualified) C > 0.65 p < 0.7 r ≥ 0.6

2.3. Grey Theory Prediction Method of Overburden Subsidence Based on Distributed
Strain Monitoring

As for the distributed optical fiber monitoring method of mining overburden, the
sensing optical fiber is vertically buried into the overlying rock and soil mass of the coal
seam through drilling, and sealed with the backfill material; then, the strain distribution of
the rock and soil mass within the drilling range is monitored as the mining advances in the
working face [25]. When coal seam mining leads to the subsidence of the overburden rock,
the sensing fiber would consequently deform. The settlement calculation formula based on
measured strain is expressed as Formula (8) [26].

∆H =
∫ H2

H1

ε(H)dH (8)

where ∆H is the distance between the buried depth of the rock layers H1 and H2, namely,
the sampling interval of the Brillouin optical time domain reflection technology; and ε(H)
denotes the strain of the rock test section.

Brillouin optical time domain reflectometry (BOTDR) in distributed optical fiber sens-
ing technology is featured with distributed, long transmission distance and single-ended
measurement, thus boasting clear advantages in the field of coal mining overburden moni-
toring [27]. The BOTDR system obtains the strain distribution of overburden rock by equal
sampling interval, and the minimum sampling interval is 5 cm. Therefore, the subsidence
value of overlying strata caused by coal seam mining is calculated by Formula (8), and the
GM (1, 1) model is used to construct the prediction model of overburden subsidence. The
accuracy of the prediction results of the model is evaluated and the evolution characteristics
of overburden subsidence are analyzed by the model parameters of Formula (3)–(5). The
grey prediction model program of mining overburden subsidence is shown in Figure 1.
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Figure 1. Grey prediction model program of mining overburden subsidence.

3. Similar Material Model Test of Mining Overburden Deformation
3.1. The Scheme of Similar Material Model Test

A similar model test is widely used in the deformation monitoring of overlying strata
in the mining field [28–30]. Based on the similarity theory, the calculation formulas of
geometric similarity ratio and stress similarity ratio in similar model tests are as shown in
Formulas (9) and (10):

The geometric similarity is expressed as

Cl =
l
L

(9)

where Cl denotes the length similarity scale, also known as the model scale; l is the length
of the prototype; and L is the length of the model.

The stress similarity ratio is

Cσ =
RH
RM

=
l
L
× rH

rM
(10)

where Cσ is the stress similarity ratio; RM denotes the mechanical properties of the rock in
the similarity model; RH is the mechanical property of the rock in the prototype; rM is the
unit weight of rock in the similar model; and rH is the unit weight of rock in the prototype.

The study area is located in the Daliuta Coal Mine, Shendong Coalfield, Shenmu
County, Shaanxi Province. According to the J60 drilling data of Daliuta Coal Mine and
the mining conditions of 2−2 coal seam, the mining method is the strike longwall mining
method; the working face is 180 m long in the strike direction, with an average burial depth
of 135 m. The length, width, and height of the indoor similar material model test device
are 3 m × 2 m × 0.3 m, respectively. According to the similarity principle, the geometric
similarity ratio Cl = 100 and the stress similarity ratio Cσ = 150 in the similar material
model test.

In the model, river sand, lime, and gypsum are used as raw materials, which are
uniformly mixed according to the ratio number, and 10% water is added as the material.
After stirring evenly, they are laid in the model test device. The mechanical parameters and
ratio numbers of the prototype and model of the Daliuta Coal Mine are shown in Table 2.
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Table 2. Mechanical parameters of prototype and model of Daliuta Coal Mine.

Lithology

Prototype Model
Thickness

(m)
Volume Weight

(kN/m3)

Compressive
Strength

(MPa)
Thickness

(cm)
Volume Weight

(kN/m3)

Compressive
Strength

(kPa)
Proportion

Number

Loose layer 40 17 0.7 40 11.3 4.67 11:1:0
Sandy mudstone 6 24.1 17.2 6 16.1 114.7 8:6:4
Fine sandstone 5 28 36.5 5 18.7 243.3 3:5:5

Sandy mudstone 7 24.1 17.2 7 16.1 114.7 8:6:4
Mudstone 9 24.3 15.3 9 16.2 102 10:5:5

Fine sandstone 13.5 28 36.5 13.5 18.7 243.3 3:5:5
Sandy mudstone 6 24.1 17.2 6 16.1 114.7 8:6:4

2−2 coal 4.2 13 15 4.2 8.7 100 6:5:5
Sandy mudstone 6 24.1 17.2 6 16.1 114.7 8:6:4

2−3 coal 4.2 13 15 4.2 8.7 100 6:5:5
Sandy mudstone 5 24.1 17.2 5 16.1 114.7 8:6:4

The notation:”8:6:4” in Table 1 refers to the ratio of aggregate (river sand) to binder (lime and gypsum), where
the proportion of aggregate to the combined amount of lime and gypsum is 8:1, and the ratio between lime and
gypsum is 6:4.

In this experiment, a 2−2 coal seam is taken as the research object. The thickness of
coal seam mining is 4.2 cm, and the mining length of the coal seam working face is 5 cm.
In order to grasp the deformation characteristics of overlying strata in the process of coal
seam mining, 4 sensing optical fibers, A1, A2, A3, and A4, were arranged along the vertical
direction of the model, which were 50 cm, 115 cm, 190 cm, and 250 cm away from the
left side of the model frame, respectively. The BOTDR instrument (AV6419) was used
in the experiment. The sensing fiber layout and coal seam mining scheme in the mining
overburden model test are shown in Figure 2.
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Figure 2. Experimental model and sensing fiber layout.

Using the photogrammetry method, the mark points were arranged at an interval
of 10 cm along the horizontal and axial directions on the surface of the model to test the
settlement of overlying strata during coal seam mining.

3.2. The Strain Distribution Characteristics of Mining Overburden Rock and the Height
Determination of Water-Conducting Fractured Zone

Figure 3 shows the strain distribution map measured by A2 sensing fiber under the
condition of 2−2 coal seam mining.

It can be seen from Figure 3 that after the working face passes through the monitoring
hole, the overlying strata move to the goaf, and tensile deformation gradually appears from
bottom to top in the rock stratum. When the coal seam is mined to 30 cm, the roof of the coal
seam moves to the goaf, and the rock strata collapse. When the coal seam is mined to 45 cm,
the caving area of the roof is expanded, and the roof settlement monitored by A2 sensing
fiber increases. Meanwhile, the tensile strain is concentrated at the position of 5.1 cm from
the roof, which is caused by the direct roof caving of the coal seam and the stretching of
the sensing fiber at the rock interface. When the coal seam is mined to 60 cm, cracks and
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subsidence develop from bottom to top in the overlying strata, and separation occurs at 38
cm from the roof. With the further expansion of the mining range, the rock layer where
the A2 sensing fiber is located has been fully mined, and the stress is released due to the
collapse of the rock layer. The strain in the caving zone gradually decreases, the strain of
the overlying rock gradually transfers upward, and the tensile strain at the separation layer
gradually expands. When the working face is mined to 100 cm, the maximum tensile strain
value appears, reaching up to 6055 µε.
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According to the variation characteristics of the distributed optical fiber strain gradient
in mining overburden, the development height of the water-conducting fracture zone is
determined [9]. In this experiment, the development height of the water-conducting
fracture zone is 37.8 cm, which is basically consistent with the measured height of 37 cm by
photogrammetry. This shows that the method of determining the development height of a
water-conducting fracture zone based on the measured strain of optical fiber is in line with
the actual engineering situation.

3.3. Grey Model Prediction of Mining Overburden Deformation

According to the deformation distribution map of mining overburden rock in Formula (6)
and Figure 3, the settlement value of the water-conducting fracture zone in the process of
coal seam mining is obtained. When the working face passes through the A2 monitoring
hole by 40 cm~75 cm, the settlement data of the water-conducting fracture zone of the
A2 section are selected as the original data to establish the equidistant GM (1, 1) model.
The 8 original settlement data of the water-conducting fracture zone are {2.052, 11.926,
10.036, 10.136, 11.614, 13.892, 15.523, 17.47}. When the working face passes through the A2
monitoring hole by 80 cm~100 cm, the settlement data of the water-conducting fracture
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zone of the A2 section are selected as the prediction data, that is, the 5 settlement data are
{20.88, 26.943, 41.896, 69.474, 102.312}.

According to Formula (1), the development coefficient (α) in the GM (1, 1) model is
−0.0929, and the grey action (µ) is 8.9582. The prediction expression of water-conducting
fracture zone settlement based on grey theory is shown in Formula (11).

X̂(0)(K + 1) = 8.9582e0.0929k (11)

Through the grey progressive model and the metabolic model, the prediction results
of the settlement of the water-conducting fracture zone are obtained respectively. The
measured settlement curve and predicted settlement curve of the water-conducting fracture
zone are shown in Figure 4.
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It can be seen from the measured settlement curve in Figure 4 that the settlement of
the water-conducting fracture zone in the coal seam mining stage is mainly divided into
three stages. First is that, when the coal seam is mined to 45 cm, the settlement increases
rapidly due to the direct roof subsidence of the caving zone. Secondly, when the coal seam
is mined to 75 cm, the settlement increases slowly with the compression of the voids in the
caving zone and the generation of cracks in the overlying strata. Third, with the further
mining of coal seams, the separation of water-conducting fracture zones gradually expands,
and the settlement enters accelerated development.

The predicted values of the settlement of the water-conducting fracture zone based on
the three grey theories are compared with the settlement values of the photogrammetry in
the model test. The results are shown in Table 3.

From Table 3 and Figure 4, it can be seen that the residuals of the first two prediction
data of the metabolic model in the three grey theory settlement prediction models are
2.50 mm and 3.71 mm, respectively, and the relative residuals are less than 14%, indicating
that the prediction results are better. The maximum residual error of the first two prediction
data of the GM (1, 1) model and the grey progressive model reaches 6.78 mm, and the
relative residual error reaches 25%. As the number of predictions increases, the predic-
tion residuals of the three models gradually increase correspondingly, and the prediction
accuracy decreases significantly.
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The reason is that, for the GM (1, 1) model and the grey progressive model, the
subsidence prediction of overlying strata is affected by the original monitoring data, and
the initial subsidence is small. With the fracture and subsidence of rock strata caused by
coal seam mining, the subsidence of the water-conducting fracture zone is large. At this
time, the prediction model considers that the data are too complicated, resulting in an
increase in the prediction residual as the number of predictions increases.

Table 3. Comparison of prediction results of stratum subsidence in the range of water conducting.

Advancing
Distance

Measured
Displacement Values

Based on
Photogrammetry (mm)

GM(1,1) Model Grey Progressive Model Metabolic Model
Predicted

Value
(mm)

Residual
Error
(mm)

Relative
Residual

(%)

Predicted
Value
(mm)

Residual
Error
(mm)

Relative
Residual

(%)

Predicted
Value
(mm)

Residual
Error (mm)

Relative
Residual

(%)

80 20.88 18.37 −2.50 11.99 18.37 −2.50 11.99 18.37 −2.5 11.99
85 26.94 20.16 −6.77 25.15 21.18 −5.76 21.38 23.22 −3.71 13.78
90 41.89 22.12 −19.76 47.18 23.85 −18.04 43.06 30.04 −11.85 28.29
95 69.47 24.28 −45.19 65.04 26.50 −42.97 61.85 45.91 −23.56 33.91

100 102.31 26.65 −75.66 73.95 29.35 −72.96 71.31 72 −30.3 29.62

4. Parameter Optimization Evaluation Method of Grey Theory Prediction Model

(1) Precision evolution characteristics of the grey model

By using the GM (1, 1) model, grey progressive model, and metabolic model, the
best-measured data set and prediction data set in the prediction of mining overburden
subsidence are analyzed to evaluate the best prediction effect of the model. The mining
range of the working face is set to 40 cm–100 cm, and the settlement values of 13 water-
conducting fracture zones are taken as the data set of the model. Among them, the mining
range of the working face is set to 65 cm–100 cm, and the settlement values of the 8 water-
conducting fracture zones are used as the prediction set. The relationship between the
training set, the prediction set, and the working face advancing range of the model is shown
in Table 4.

Table 4. Relationship between training set, prediction set, and working face advancing range.

Quantity of Training
Sets (Number)

Working Face
Advancing Range

(cm)

Quantity of
Prediction Sets

(Number)

Representation
Methods

5 40~60 8 (5, 8)
6 40~65 7 (6, 7)
7 40~70 6 (7, 6)
8 40~75 5 (8, 5)
9 40~80 4 (9, 4)
10 40~85 3 (10, 3)

The parameter evolution characteristics of the posterior difference test in the prediction
model are shown in Figure 5.

It can be seen from Figure 5 that with the increase in training number and the decrease
in prediction times, the accuracy of the GM (1, 1) model and grey progressive model shows
an increasing trend, but it still does not match the accuracy test, while the metabolic model
as a whole shows a decrease in the accuracy of the model. The specific performance is as
follows: the small error probability (p) of the GM (1, 1) model and grey progressive model
reaches 0.85, but the mean square error ratio (C) is greater than 0.65, and the accuracy level
of the model is 4, which is unqualified. The mean square error ratio (C) of the metabolic
model is between 0.17 and 0.52, and the small error probability (p) is greater than 0.92. For
the metabolic model, when the number of training and prediction times is before (7, 6), the
accuracy level of the model is 1, and the accuracy gradually decreases as the number of tests
increases. Because the settlement of the water-conducting fracture zone in the overburden
changes greatly, with the increase in the number of training choices, the volatility of the
data sequence is relatively large, and the settlement data sequence cannot well meet the
conditions of the level test, resulting in a decline in prediction accuracy. On the other hand,
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according to the key stratum theory [31,32] and the experimental results, the breaking
distance of the key stratum is 80 cm, the corresponding training number is 7, and the best
prediction number is 6.
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The variation characteristics of the grey correlation degree in the prediction model are
shown in Figure 6.
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It can be seen from Figure 6 that the overall prediction accuracy of the GM (1, 1)
model and the grey progressive model increases with the increase in the number of training
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sets and the decrease in the number of predictions, while the metabolic model shows the
opposite trend. The specific performance of the grey correlation degree of the GM (1, 1)
model and the grey progressive model is as follows: with the increase in the number of
training sets and the decrease in the number of prediction times, the grey correlation degree
gradually increases. When the number of prediction times is less than 5, the correlation
degree meets the accuracy requirements. For the metabolic model, as the number of training
sets increases and the number of predictions decreases, the grey correlation degree displays
a downward trend. When the number of predictions is greater than 5, the model correlation
degree is 1 level, and when the number of predictions is less than 5, the correlation degree
of the model becomes 2, and the correlation degree generally meets the requirements. It can
be seen from Figures 5 and 6 that there is a large deviation in the prediction accuracy of the
grey theory. Both the GM (1, 1) and grey progressive models take all the initial data as the
prediction set. However, with the passage of distance, the settlement data of overburden
subsidence are large. The model considers that the data are too complicated, which will
lead to a continuous decline in the prediction accuracy of the model. For the metabolic
model, with the increase in mining times, the initial training data of the model are removed
in time, and then the new prediction data are introduced as the new data of the training set,
thus improving the prediction accuracy of the model.

(2) Prediction accuracy analysis and evaluation of the grey model

Due to the similar trend of settlement prediction accuracy between the GM (1, 1)
and grey progressive models, the training set and prediction set data of the GM (1, 1)
model and metabolic model are used to analyze the settlement prediction accuracy of the
water-conducting fracture zone.

The evaluation results of settlement prediction accuracy of the GM (1, 1) model are
shown in Table 5.

Table 5. Evaluation of prediction accuracy of GM (1, 1) model.

Number of
Training

Sets

Number of
Predictions

Mean
Square

Deviation
Ratio

Probability
of Small

Error

Grey
Correlation

Degree

Accuracy
Grade

5 8 0.99 0.46 0.68 Level 4
(unqualified)

6 7 0.9 0.62 0.74 Level 4
(unqualified)

7 6 0.85 0.77 0.78 Level 4
(unqualified)

8 5 0.81 0.85 0.80 Level 4
(unqualified)

9 4 0.77 0.85 0.82 Level 4
(unqualified)

It can be seen from Table 5 that for the GM (1, 1) model, with the increase in the number
of training sets, the prediction accuracy of the model is improved, but the prediction
accuracy level fails to meet the requirements. The reason is that the model takes the initial
data as the training set. With the increase in the mining distance of the working face, the
influence of the initial data in the model on the following new data becomes smaller, or
even negligible, which leads to the continuous decline in the prediction accuracy of the
model and makes it difficult to meet the requirements [11].

The evaluation results of the settlement prediction accuracy of the metabolic model
are shown in Table 6.
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Table 6. Evaluation of prediction accuracy of metabolic model.

Number of
Training

Sets

Number of
Predictions

Mean
Square

Deviation
Ratio

Probability
of Small

Error

Grey
Correlation

Degree

Accuracy
Grade

5 8 0.17 1.00 0.94 Level 1
(excellent)

6 7 0.22 1.00 0.92 Level 1
(excellent)

7 6 0.28 1.00 0.91 Level 1
(excellent)

8 5 0.36 0.92 0.90 Level 2
(good)

9 4 0.43 0.92 0.89 Level 2
(good)

10 3 0.52 0.92 0.88 Level 3
(qualified)

It can be seen from Table 6 that as the number of training sets increases and the number
of predictions decreases, the prediction accuracy of the metabolic model begins to decrease,
and the accuracy level changes from excellent to good and finally to qualified.

As can be seen from Tables 5 and 6, the overall accuracy trend of the prediction model
shows that the prediction accuracy of the model decreases with the increase in the number
of training sets. This is due to the influence of the prediction model by the fracture distance
of the overlying strata. In other words, with the advancement of mining, the key stratum
of the overlying strata is broken. To be specific, when the mining distance is 75 cm, the key
stratum is broken, resulting in rapid settlement. Since then, the settlement sequence has
made it difficult to meet the level ratio requirements of the grey theory data sequence, and
the accuracy has begun to decline. The prediction model is also affected by the selection
of sequence. In other words, the data sequence of GM (1, 1) is lengthy, which affects the
accuracy of model prediction. The metabolic model supplements the latest prediction
data of the water-conducting fracture zone to the sequence in time, thus improving the
prediction accuracy of the model. In the aspect of settlement prediction when the settlement
of the water-flowing fractured zone is abrupt, further research is carried out from the model
of grey theory.

5. Conclusions

The study has achieved the following conclusions.

(1) The subsidence prediction model of the water-conducting fracture zone is established
by combining the equidistant sampling data of mining overburden strata of Brillouin
optical time domain technology with the GM (1, 1) model. Six kinds of subsidence
prediction schemes of mining overburden strata are designed by introducing a grey
progressive model and metabolic model, and the subsidence of the water-conducting
fracture zone of overburden strata in the mining process of coal seam working face
is predicted.

(2) For the metabolic model, the prediction model is related to the mutation of the
settlement of the water-conducting fracture zone caused by the breaking of the key
stratum of the overlying rock. As for predicting the settlement of the water-conducting
fracture zone in the overlying strata of the Shendong Coal Mine, the optimal number
of model training is 7 to 8, and the number of predictions is 5 to 6 times. In this case,
the prediction accuracy can reach level 1.

(3) The prediction method of overlying strata settlement based on the GM (1, 1) model
and grey progressive model is not suitable for the settlement prediction of the water-
conducting fracture zone because the model data sequence is too long and the predic-
tion accuracy in the middle and late stage of coal seam mining is gradually reduced.
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