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Abstract: It is important to accurately predict the height of the water conducting 12 

fracture zone (WCFZ) for the production safety of coal mines and ecological 13 

environmental protection. Through the field measurement data of WCFZ at working 14 

face in Shendong and neighboring mines. The correlation degree between the working 15 

face length, mining height, mining depth, coal seam dip angle, mining speed, hard 16 

rock proportionality coefficient and the height of WCFZ was analyzed by using gray 17 

relationship analysis theory. The BP neural network model optimized by genetic 18 

algorithm was trained, and the predicted WCFZ values of empirical formula, GA-BP 19 

and BP neural network model were compared with the actual measured values of 20 

WCFZ in the mine area. The comparison analysis showed that the GA-BP neural 21 

network model had the smallest error of 7.78% in the prediction value. Therefore, the 22 

GA-BP neural network model has sufficient prediction accuracy and generalizability 23 

and can be applied to study the WCFZ in the Shendong mine area.  24 
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1. Introduction 27 

The exploration of coal resources in northwest China has led to more serious 28 

ecological problems in mining areas with fragile ecological and geological 29 

environments [1–3]. The technology and equipment in China was improving 30 

constantly to keep up with the increasing demand for mining coal resources. However, 31 

because of the occurrence characteristics of coal resources of great reserves, high 32 

quality coal, shallow depth of burial, simple geological structure, and relatively stable 33 

coal seam, the widely adopted high-intensity mining in Shendong mining area has led 34 

to a drop in the water table through water conducting fractures, further worsening the 35 

fragile ecological environment of the arid and semi-arid areas [4,5]. In order to 36 

achieve the balance and harmony between coal resources mining and water resources 37 

carrying capacity, it is necessary to study the theoretical basis and key parameters of 38 

the height of water conducting fractured zone (WCFZ), which was equal to the 39 

vertical distance between the upper boundary of WCFZ and the coal seam.  40 

The main methods of calculating the WCFZ were based on empirical formulas, 41 

numerical simulations, physical simulations and field measurements. According to the 42 

movements and fractures of overlying strata caused by underground mining, three 43 

different zones can be continuously divided above the goaf as the caving zone, 44 

fractured zone and subsidence zone [4,6,7]. Based on the mine field measurement 45 
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data, an empirical formula was established. By calculating and analyzing the height of 46 

the caving zone and height of the WCFZ in the western mine, it is concluded that the 47 

damage height of the overburden was related to the overburden property. The height 48 

of the caving zone was 2-8 times the mining height and the height of WCFZ was 49 

30-50 times the mining height [4,5,8]. If the vertical distance between the location of 50 

the main key stratum and the location of the coal seam was small, the height of 51 

WCFZ calculated by physical simulation analysis was greater than the height value 52 

calculated by the empirical formula [6,9,10]. The empirical formula method can 53 

estimate the height of WCFZ quickly, however, due to the increase of working face 54 

size, it is no longer applicable to calculate the height of WCFZ [4,5,11,12]. 55 

By analyzing different working face thickness and mining depth through 56 

numerical simulation and similar simulation, the height of WCFZ and the thickness of 57 

protective layer can be calculated [5,12–15]. However, the results of physical 58 

simulation have difference from the measured results because of the scale effect, 59 

which resulted from the restricted size of the physical model. According to the 60 

numerical simulation and empirical formula, the WCFZ increases with increasing 61 

working face length and mining height [5,14]. In all numerical simulation methods, 62 

the discrete element method is usually used to analyze fracture characteristics, such as 63 

mining-induced fractures, rather than the continuum element method [7,16,17]. But 64 

the analysis of WCFZ need a quite large model, which will spend a lot of time with its 65 

construction and calculation. Besides, the local refinement is often necessary for 66 
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simulating the morphological characteristics of fractures. 67 

The support vector regression (SVR) method is used to predict the WCFZ based 68 

on the field measurement data to improve the accuracy and stability of the prediction 69 

[18]. Multiple regression analysis and neural network models can also accurately 70 

predict the height of WCFZ [19–26]. As a single factor was considered in the 71 

regression analysis, it will lead to inaccurate prediction. Therefore, a massive amount 72 

of sample data was required to improve the accuracy of prediction.  73 

In this paper, the measured WCFZ at the working face in Shendong mine and 74 

around were collected, and the working face size, mining depth, mining height, dip 75 

angle of coal seam, mining speed and proportion coefficient of hard rock were taken 76 

as the dominant impact factors of the height of WCFZ. The correlation between each 77 

influencing factor and the height of WCFZ was analyzed. The WCFZ height 78 

prediction model was established by training the GA-BP neural network model, which 79 

provides a reference basis for coal mining and water resource protection in the 80 

Shendong mining area. 81 

2. Evolution characteristics and influencing factors height of WCFZ 82 

2.1 Evolution characteristics of WCFZ  83 

As shown in Fig. 1, due to the broken overlying rock layer after coal mining. The 84 

damage of the overburden layer can be divided into collapse zone, fracture zone and 85 

bending sinking zone. The caving zone was filled with irregularly shaped top rock, 86 

and the height of caving zone was 2~8 times mining height [4]. The overburden was 87 
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broken, collapses, and accumulates into the goaf. The broken rock mass that filling 88 

the goaf ultimately form a support zone for the overburden. The height of the 89 

overburden was limited, as the crushed rock blocks in the goaf were compacted, the 90 

overburden bends and fractures, forming a fractured zone. The bed separation zone is 91 

going to close up and be poor water-conductivity with the compaction under the 92 

influence of the overburden weight. Vertical fractures formed by shearing extend to 93 

the surface and serve as conduits for surface air and water. The subsidence zone was 94 

located between the fractured zone and the ground, where was far from the coal seam 95 

and was less affected by mining. Its internal bending movement deformation will also 96 

produce some fractures. These fractures were disconnected from each other, so that 97 

the curve subsidence zone remains consistent and complete. 98 

 99 

Fig.1 Caving zone, fractured zone and curve subsidence zone of overlying strata above the 100 

goaf 101 
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2.2 The failure mode of “two-zone” structure 103 

For the high-intensity mining of the thick coal seam with shallow buried depth in 104 

Shendong mining area, the overburden rock follows the failure mode of “two-zone” 105 

structure, in which the caving zone is seriously broken with a great extension of 106 

height. There are two types of breaking mode, one is that the overburden rock from 107 

the coal seam to the ground are cut off as a whole, will result in fractures extend from 108 

the goaf to the ground and present as steps on the ground. The second mode is that the 109 

key strata breaks to form the masonry beam structure, will cause to rapidly extends of 110 

fractures upward to the ground. Ground fractures caused by the second mode are 111 

mainly tensile type [11,27].  112 

Table 1 “Two-zone’’ formula for full mechanized mining 113 

Overlying strata type 
The height of caving 

zone（m） 

Formula 1: The height 
of WCFZ（m） 

Formula2: The height 
of WCFZ（m） 

Hard rock 7M+5 
100

11.18
0.15 3.12

M

M


+  
30M+10 

Medium-hard rock 6M+5 
100

10.42
0.23 6.10

M

M


+  
20M+10 

Weak rock 5M+5 
100

8.21
0.31 8.81

M

M


+  
10M+10 

Note: M in the table is the mining height, ranging from 3 to 10 m. 114 

Table 1 is the empirical formula concluded by engineering technicians in 115 

Shendong mining area based on decades of mining experience [4,14]. Normally, the 116 

empirical formula method calculates the height of WCFZ of working face, however, 117 

with the high degree of comprehensive mechanization mining technology, the 118 

increase in the size of the working face, and the increase in the mining speed and 119 

other factors, this calculation method was no longer applicable to the calculation of 120 
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the WCFZ in Shendong mining area [5]. As shown in Fig. 2. 121 

 122 

   123 

（a）The height caving zone                          （b）Formula 1 124 

 125 

（c）Formula 2 126 

Fig.2 The height of the fractured zone in full mechanized mining 127 

2.3 Influencing factors of the height of WCFZ 128 

By collecting data samples and references from various mines, influencing 129 

factors of the height of WCFZ include the coal seam depth, mining thickness, 130 

overburden property, working face size, coal seam dip angle and mining speed, as 131 

shown in Fig. 3. 132 
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 133 

Fig.3 Influencing factors of the height of WCFC  134 

The coal seam storage feature of Shendong mine area were based on near 135 

horizontal coal seam and shallow buried coal seam, and the working face design 136 

width, working face length, mining height and mining speed were generally 100~400 137 

m, 300~360 m, 1000~3000 m, 3.5~8 m, and 5~20 m/d, respectively. According to the 138 

experience of statistical law of rock mechanical strength [5], the overlying strata of 139 

the coal seam was divided into four categories as hard rock stratum, medium-hard 140 

rock stratum, weak rock stratum and extremely soft rock stratum. The main 141 

components of the hard rock formations are quartz sandstone, limestone, 142 

conglomerate, sandstone and argillaceous limestone. The main components of the 143 

medium-hard rock formations are sandy shale and shale, and soft rock mainly 144 

composed of mudstone and sandy mudstone. The main components of the weak rock 145 

formations are bauxite, weathered mudstone, clay and sandy clay. 146 
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3. Building GA-BP neural network training model 147 

3.1 Modeling approaches 148 

A genetic algorithm (GA) is a search algorithm built by simulation of the genetic 149 

and evolutive processes in the biological world. GA starts with a population of all 150 

possible potential problems and selects individuals that are better suited to the 151 

environment based on method of simulates natural selection. In this process, 152 

individuals of the population evolve, and thus a new set of population is generated to 153 

adapt to the environment better [28,29], as shown in Fig. 4. 154 

 155 

Fig.4 Genetic algorithm flow chart 156 

Fig. 5 shows a Back Propagation (BP) neural network topology model with 157 

WCFZ height, consisting of three parts, including input, hidden and output layers, 158 

each of which can be one or more layers [30,31]. During the training of the BP neural 159 
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network model, it can be transmitted forward and backward. Forward transmission 160 

refers to the transmission of the input sample data from the input layer to the hidden 161 

layer, which is processed by the hidden layer, and then passed to the output layer. The 162 

state of the neurons in each layer affects only one layer, and no accurate output 163 

information is obtained in the output layer, the error information was back at the same 164 

time along the same path, and the weapons of the connections of each neuron are also 165 

modified at the same time. After continuous iteration, the final error signal reaches the 166 

allowable range.  167 

 168 

Fig.5 Topological structure model of the BP neural network for the height of WCFZ 169 

GA-BP network model was genetic algorithm to optimize BP neural network 170 

[24]. Obtain the optimal initial weight and threshold of the BP network through the 171 

global search ability of genetic algorithm, and use the optimal initial weight and 172 

threshold obtained by the search algorithm as the initial weight and threshold of the 173 
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BP neural network, and then train it to avoid falling into local minimum values. The 174 

weights of the BP neural network improved by genetic algorithm were not randomly 175 

generated, but are obtained by the genetic algorithm search module.  176 

 177 

Fig.6 GA-BP neural network algorithm flow chart 178 
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maximum number of evolutions, (3) Finally, the topology of the BP neural network 187 

was determined by the best individual in the population. 188 

3.2 Obtain parameter samples and pretreatment  189 

Training the height of WCFZ prediction model of Shendong mine area by the 190 

established GA-BP network model, factors affecting WCFZ height were 191 

quantitatively selected, such as working face length (L), mining height (M), mining 192 

depth (Hd), dip angle of coal seam (D), mining speed (V) and hard rock proportion 193 

coefficient (b). As listed in Table 2, the measured data of 20 working faces in 194 

Shendong and its surrounding mining areas were selected as training and test samples 195 

of the GA-BP network model. 196 

Table 2 Sample data of the height of WCFZ  197 

No. Coal mine L (m) M (m) Hd (m) D (°) V（m/d） b 
The height 

of WCFZ (m) 

1 Bulianta 32301 301 5.7 212 3~7 13 0.56 67.3 

2 Bulianta 12406 300 4.8 200 5.38~16 12 0.66 41.39 

3 Bulianta 31401 300 4.2 255 3~7 7.8 0.71 70.1 

4 Bulianta 22307 301 6.8 92 1.76~8 8 0.63 75.6 

5 Bulianta 52307 301 6.7 190 0~2.2 10.8 0.49 52.6 

6 Bulianta 12610 200 5.0 135.0 1~3 8.2 0.33 50 

7 Bulianta 1203 150 6 49.0 5 7.8 0.44 45.0 

8 Halagou 22407 284 5.3 130 1~11 15 0.86 73.6 

9 Halagou 02201 210 6 124 0~3 7.5 0.43 56 

10 Zhangjiamao 14202 295 4 180 1~3 8 0.31 72 

11 Zhangjiamao 15201 260 6.2 133 1~3 10 0.43 89.6 

12 Hanjiawan 2304 268 4.1 135 1.8~7.6 9.0 0.68 56.3 

13 Lijiahao 31110 240 4 343.5 1~3 9.5 0.5 85.3 

14 Yuyang 23041 200 3.5 188 0.28 6.7 0.51 86 

15 Shangwan 51101 240 5.5 146 2.5~9 8.0 0.61 50.63 

16 Huojitu 12205 235 3.5 85 1~3 12 0.4 75 

17 Buertai 23101 300 3.0 327 3 6.5 0.59 55.5 

18 Wulanmulun 2207 284.3 5.4 131 1 15 0.47 67.2 
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19 Cuncaota 43115 360 2.3 101.6 1~3 6.1 0.36 34.0 

20 Shigetai 12105 300 2.5 85.5 1~3 9.1 0.81 58 

MATLAB program was written for training genetic optimization BP neural 198 

network simulation training. Values of samples numbered 1 to 14 in Table 2 were used 199 

as learning sample data, and that numbered 15 to 20 were used as test sample data. 200 

The neural network convergence was accelerated and the training time was reduced to 201 

unify the units, so that the unreasonable result caused by the difference in data range 202 

were reduced. Therefore, before training the sample parameters, the sample data was 203 

normalized to map the output in the interval [0,1]. Conversely, the sample training 204 

result data needs to be anti-normalized, so that the data after calculation is the real 205 

result of the sample data. The normalization and anti-normalization formula are 206 

shown as Eq.1 and Eq. 2, respectively:  207 

                     （1） 

208 

where, Xn is the nth normalized data of each parameter, Xmax and Xmin are the 209 

maximum and minimum values in each data set.  210 

 max min minn
Y=Y Y Y Y− +（ ）  （2） 

211 

where, Y is the data after anti-normalization, Yn is the original value of training results, 212 

Ymax and Ymin are the original maximum and minimum values in each training result 213 

data set. 214 

3.3 GA-BP model test training  215 

The GA-BP network model was trained to finally obtain the height prediction 216 
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model of WCFZ in the Shendong mine area. In this paper, a small amount of data 217 

were collected from experimental samples in Shendong and its surrounding mining 218 

areas, so it was feasible to choose a three-layer BP neural network to process the 219 

sample data. 220 

 221 

Fig.7 The error of the predicted value using the BP and GA-BP neural network  222 

 223 

Fig.8 Actual value and predicted value of the BP and the GA-BP neural network 224 

As shown in Fig. 7 and Fig. 8, the prediction values after training based on the 225 

BP network model was fluctuating and unstable, with prediction error deviation 226 
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values between [-30, 18], while the prediction error deviation values after training 227 

based on the GA-BP network model was between [-10, 10], with small fluctuation and 228 

stable predicted value. By comparing the differences between the truth value and 229 

predicted value, the prediction error deviation of the GA-BP network model was [-8, 230 

8], the fluctuation of the error deviation was smaller, and the predicted value was 231 

more stable. The results indicate that GA-BP network training model was more stable 232 

and reliable than the BP network model.  233 

3.4 Validation of GA-BP network model 234 

In this paper, the measured data of 20 mining working faces was collected in 235 

Shendong and its surrounding mining area. The sample data was normalized, and then 236 

the GA-BP network was trained. The first 14 groups of sample data numbered from 1 237 

to 14 were used as the training sample values, and the last 6 groups numbered from 14 238 

to 20 were used as test values of prediction model.  239 

The correlation coefficient (R) of the test data set samples is as follows:  240 

                         (3) 241 

where x is the expected output of the height of WCFZ, y is the predicted output of the 242 

height of WCFZ, Cover (x, y) is the covariance of x and y,  is the variance of x, 243 

and  is the variance of y.  244 



 

16 

 

245 

 246 

Fig.9 Regression analysis diagram of the GA-BP neural network model 247 

The regression analysis graph of the GA-BP neural network model was shown in 248 

Fig. 9. The training R regression value of this model was 0.9908, the validation R 249 

regression value was 1, and the test R regression value was 1. Therefore, the 250 

prediction accuracy of the trained GA-BP network model was capable of meeting the 251 

requirements of the height of WCFZ prediction. As shown in Fig. 10, the trained 252 

GA-BP neural network was retained as the “GA-BP prediction model for the height of 253 

WCFZ in Shendong mining area”.  254 
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 255 

Fig.10 GA-BP prediction model for the height of WCFZ in Shendong mining area 256 

The BP network model had a mean absolute error of 14.9984, a mean squared 257 

error of 286.7464, a mean square root error of 16.9336, and a mean absolute 258 

percentage error of 25.35%. In comparison, the mean absolute error, mean squared 259 

error, mean square root error and mean absolute percentage error of the GA-BP 260 

network model were 4.0965, 23.4041, 4.8378 and 7.8223%, respectively. Based on 261 

the GA-BP network training model, 6 sets of test data were tested. The measured 262 

values, the predicted values of BP network model and the predicted values of GA-BP 263 

network model are listed in Table 3. The GA-BP network model was verified to have 264 

accurate prediction accuracy for the WCFZ height in Shendong mine area by the 265 

sample data. 266 

Table 3 Error comparison between the BP and GA-BP neural network 267 

Prediction model 
Mean absolute 

error 
Mean square 

error 
Root mean 
square error 

Average absolute 
percentage error 

BP neural 
network 

14.9984 286.7464 16.9336 25.35% 

GA-BP neural 
network 

4.0965 23.4041 4.8378 7.8223 % 

Working face length 

Mining hight

Mining depth

Dip angle of coal 

seam

Extraction rate

Proportion coefcient

of hard rock

GA-BP prediction model

for the height of WCFZ in

Shendong mining area

Height of WCFZ in Shendong

mining area
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4 Engineering verificaiton 268 

4.1 The overview in the observation area  269 

The observation area of the height of WCFZ is located near the cutting hole of 270 

the working face No. 12304 in Shangwan coal mine with the advancing length and 271 

width of 4927.58 m and 256.8 m, respectively. The coal seam No. 12 is mined with a 272 

mining height of 3.6 m. The fully-mechanized coal winning technology is adopted, 273 

and the roof collapse naturally after coal extraction. The thickness of the overlying 274 

loose layer above the observation area is about 6~10 m, mainly loose yellowish 275 

medium-grained aeolian sand. The thickness of the coal seam was about 5 m, and the 276 

buried depth is about 300 m. The lithology of the overburden rock of the roof is 277 

mainly fine-grained sandstone, coarse sandstone and siltstone. To obtain the 278 

maximum height of WCFZ, two boreholes were arranged for the comprehensive 279 

observation method consisting of drilling flushing fluid consumption method and 280 

color drilling imaging observation method. According to the distribution 281 

characteristics of WCFZ, the biggest height of WCFZ appears near the goaf, cutting 282 

hole and stoping line. Under the medium-hard roof condition, the best observation 283 

time of the WCFZ is generally 1~2 months after mining. If the observation is too early, 284 

the WCFZ is not sufficiently developed to obtain a true maximum height. But if the 285 

observation is too late, some fractures would have been compacted and closed. 286 

Therefore, in order to observe the maximum development height of WCFZ, the 287 

positions of SW-1 and SW-2 observation holes were selected to be located at 30 m 288 
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and 127 m from the coal conveying roadway, as well as 130 meters from the open pit 289 

of Working Face 12304, as shown in Figure 11.Therefore, in order to observe the 290 

maximum development height of the WCFZ, locations of the observation boreholes 291 

were selected at 30 m and 127 m away to the transportation lane, and 130 m away 292 

from the starting cut of the working face No. 12304, as shown in Fig. 11.  293 

 294 

Fig.11 12304 The observation drilling layout of the working face No. 12304 295 

4.2 Analysis of observation results  296 

In the process of drilling, the water level was observed before and after each drill, 297 

and the curve of the change of the water level with the drilling depth was drawn based 298 

on the obtained water level value in the borehole SW-01 before drilling, as shown in 299 

Fig. 12. The curve analysis showed that within the drilling range of 0~166.3 m, the 300 

water level in the borehole SW-01 was relatively high with a small fluctuation range. 301 

The fracture loss of the water level was less within the drilling depth of 35 m, which 302 

can be considered as a normal consumption of drilling. There was a large, rapid water 303 

consumption from 171.2 m to 169 m within the drilling depth of 66.3~171.2 m, 304 
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indicating that the fractures were relatively developed in this area. Within the drilling 305 

depth of 171~235 m, the water level rose to 169.8 m after plugging, and gradually 306 

dropped to 149.6 m in the later drilling process. When the depth of the borehole 307 

SW-01 was 240 m, the water level rapidly dropped to 235 m, indicating that fractures 308 

were obviously enlarged and the leakage of flushing fluid was intensified. When 309 

drilling down again, the water level dropped rapidly after lifting the drill. The water 310 

level was measured before running down again to show that the water in the hole has 311 

basically been completely lost. 312 

 313 

Fig.12 Observation results of SW-01: (a) curve of the water level changing with the depth of the 314 

borehole, (b) color drilling images from the borehole 315 

According to the result of the color drilling imaging observation, the change of 316 

flushing fluid consumption and the change of water level during drilling, the top 317 

position of the fracture zone in drill hole SW-01 was 240 m, and the fracture zone at 318 

271.9 m was the top position of the caving zone, the location of the roof was 295.4 m. 319 

The height of fractured zone can be calculated according to Eq. 4 below:  320 
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where Hlie and Hk are the maximum height of WCFZ and caving zone, respectively, in 323 

m, H is the vertical depth from roof to orifice in m, hlie is the distance between the 324 

drilling hole position perpendicular to the top of the fracture zone, hk is the distance 325 

between the top of the collapse zone and the vertical depth of the borehole opening, W 326 

is 0.2 times mining height. 327 

Therefore, using Eq. 4 and 5, it was calculated that the height of WCFZ and the 328 

height of caving zone were 55.72 m and 24.22 m.  329 

Fig. 13 shows the curve of the water level in the borehole SW-02 as a function of 330 

the drilling depth. At 113.56 m drill hole location, the water level in hole SW-02 331 

dropped from 31.47 m to 100.3 m and the fracture was more developed. At the 172.23 332 

m drill hole location, the water level dropped from 33.6 m to 50.0 m and the fracture 333 

was developed at 170.20 m. At the 244.08 m drill hole location, the water level in the 334 

hole dropped from 46.42 m to 104.0 m, and eventually stabilize at about 100 m. 335 

 336 

Fig.13 Observation results of borehole SW-02: (a) the curve of the water level changing with the 337 

drilling depth, (b) color drilling images from the borehole 338 
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Listed in Table 4. According to the judgment of drilling imaging observation, the 339 

change of flushing fluid consumption and the change of water level during drilling, 340 

the vertex of the WCFZ was 242.5 m, the vertical depth of the roof from the hole 341 

mouth was 299.3 m at the location of borehole SW-02. Therefore, at the location of 342 

borehole SW-02, it was calculate based on Eq. 4 and Eq. 5 that the height of WCFZ 343 

and the height of caving zone were 53.92 m and 25.42 m.  344 

Table 4 The height of the WCFZ in working face No. 12304 345 

Case mine Working face 
Borehole 
number 

M (m) H (m) Hk (m) Hlie (m) 

Shangwan 12304 

SD-SW-1 3.6 299 24.26 55.76 

SD-SW-2 3.6 299.3 25.26 53.76 

5 Results and discussion  346 

5.1 Correlation analysis of influence factors of the height of the WCFZ 347 

To further analyze the nature of each influencing factor, based on the grey 348 

incidence degree theories [31], the height of WCFZ was taken as the parent sequence, 349 

and the L, M, Hd, D, V, b were taken as the sub sequence in Table 5. The value of 350 

correlation coefficient was calculated and shown in Table5. For the six evaluation 351 

items, the height of the WCFZ was significantly correlated with various influencing 352 

factors, and the degree of correlation was ranked as L, V, M, b, Hd, D, from high to 353 

low.  354 

 355 

 356 
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Table 5 Correlation coefficient between influencing factors and WCFZ 357 

Influencing 

factors 
L M Hd D V b 

Correlation 

coefficient 
0.770 0.718 0.681 0.623 0.736 0.713 

Ranking 1 3 5 6 2 4 

As listed in Table 6, the correlation matrix of the factors influencing the height of 358 

WCFZ was calculated using the Statistical Product and Service Solutions (SPSS) 359 

software. Previous studies have analyzed that the main influencing factors for the 360 

height of WCFZ were mining height and hard rock and were highly correlated [4,19]. 361 

This study shows that the L, M, Hd，D, V and b were positively correlated with the 362 

height of WCFZ, while the working face length and dip angle of coal seam were 363 

negatively correlated with the height of WCFZ. The mining depth, face advance speed 364 

and mining height were the main influencing factors on the WCFZ, while the 365 

proportion coefficient of hard rock was the indirect influence factor, as shown in Fig. 366 

14. Therefore, the development of fracture zone was mainly influenced by three 367 

factors, which were the mining height, mining speed and length of working face in the 368 

Shendong mining area. 369 
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 370 

Fig.14 Correlation heatmap of WCFZ and its influencing factors 371 

Table 6 Correlation matrix between influencing factors and the WCFZ 372 

Influencing 

factors 
L M Hd D V b 

The height 

of WCFZ 

L 1       

M -0.261 1      

Hd 0.206 -0.209 1     

D 0.010 0.323 -0.168 1    

V 0.161 0.314 -0.082 0.193 1   

b 0.291 -0.052 0.098 0.475* 0.274 1  

The height 

of WCFZ 
-0.129 0.102 0.240 -0.206 0.217 0.048 1 

Note: * mean significant correlation at P<0.05. 373 

5.2 Comparative analysis of predicted values of WCFZ 374 

Table 7 shows that the field observations were very close to the forecast values 375 

of the GA-BP network model, indicating its practicality in Shendong mining area. The 376 

forecast values of the unoptimized BP network prediction model were larger 377 

compared with the field measured height of WCFZ. The analysis shows that the initial 378 

value of the un-optimized BP neural network with errors in the calculation process 379 

was not the optimal solution. Besides, the solution will be locally minimum and the 380 
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convergence rate was slow. The neural network may appear over fitting, which leads 381 

to low performance and poor fault tolerance [28,32]. However, the prediction error of 382 

GA-BP neural network was 7.78% and the error value was smaller than the error of 383 

empirical formula and BP neural network prediction model. Therefore, the trained 384 

GA-BP neural network prediction model can accurately predict the height of WCFZ 385 

in the Shendong mine area.  386 

 387 

 388 

Table 7 The predicted value and observed value of WCFZ in the study area 389 

Method Height of WCFZ（m） Relative error 

Observed value 55.76 — 

Empirical formula 1: height of 
water-conducting fracture zone 

62.38 11.87% 

BP neural network model 69.7 25% 

GA-BP neural network model 60.10 7.78% 

6. Conclusion 390 

By training the GA-BP neural network model, the height of WCFZ prediction 391 

value can be derived in Shendong mining area, and combined with the verification of 392 

engineering cases, the height of WCFZ can be accurately predicted in Shendong 393 

mining area. The main conclusions were as follows:  394 

（1）The height of WCFZ was an indicator affected by multiple factors. The 395 

height of WCFZ was significantly correlated with various influencing factors, and the 396 

degree of correlation was ranked as L, V, M, b, Hd, D, from high to low. Therefore, the 397 
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development of fracture zone was mainly influenced by three factors, which were the 398 

mining height, mining speed and length of working face in the Shendong mining area. 399 

（2）The training test with a typical mine working face as a sample was 400 

effectively verified, and a nonlinear prediction model of WCFZ height in the 401 

Shendong mine area was constructed. The model has high precision and general 402 

practicality for prediction of WCFZ height in Shendong mine area. 403 

（3）Through the comparative analysis of different model calculations, the 404 

prediction error of BP neural network model was 11.87%, the error of empirical 405 

formula was 25%, while the prediction error of GA-BP model was 7.78%. Therefore, 406 

the height of WCFZ in the Shendong mine area can be effectively predicted using the 407 

trained GA-BP network model. 408 
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