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In order to explore the law of groundwater evolution, the water source connection between faults and aquifers and the main sources
of mine water inrush in the deep mining area of Yangcheng Coal Mine in Jining City, 40 groups of hydrochemical samples were
collected and analyzed by Piper Diagram and Durov Diagram. The results showed that the fluidity of groundwater developing
to the deep became weaker, the value of total dissolved solids (TDS) became larger. So, the roof and floor of coal seam were
more similar in water quality types due to the conduction of faults. Using principal component analysis (PCA) to the raw data,
two principal components were extracted, and the principal component scores were used as clustering variables for hierarchical
cluster analysis (HCA), 5 groups of abnormal water samples were eliminated and 3 clustering groups M1, M2 and M3 were
obtained from the other water samples on the tree diagram. The results showed that the combination of HCA and
hydrochemical analysis was more effective in screening water samples, and the 3 clustering groups could be qualified samples to
represent 3 major aquifers (Taiyuan Formation limestone aquifer, Shanxi Formation sandstone aquifer and Ordovician
limestone aquifer). Finally, taking M1, M2 and M3 as grouping variables, the discriminant functions f 1, f 2 and f 3 of the 3
aquifers were obtained, the results of stepwise discrimination analysis (SDA) showed that the discrimination model established
by using 25 groups of standard water samples could discriminate the known water samples with the correct rate of 96%, 10
groups of unknown water samples collected at the fault are identified as Taiyuan Formation limestone water samples, which was
consistent with the classification results of HCA, proving that the water inrush of fault DF53 was from Taiyuan Formation
limestone aquifer, while the fault had little influence on Ordovician limestone aquifer.

1. Introduction

The problem of mine water inrush has been a serious limita-
tion of the construction and development of the coal mine,
if no measures are taken to prevent and control the water-
abundance aquifer at the initial stage of mining, it is easy to
conduct the aquifer or generate large fracutures without
knowing it during themining process, causing confined water
in the water-abundance aquifer to flow into the working face,

stopping work or production in light cases, even causing
heavy casualties in heavy cases [1]. Therefore, it is of great sig-
nificance to judge the causes of water inrush in time, find out
the source of mine water, and then accurately and efficiently
implement measures for each aquifer and water-conducting
channel to prevent and control mine water inrush.

In recent years, water source identification methods have
developed rapidly. Scholars have gradually developed a single
identification method into an interdisciplinary and multi-
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theoretical comprehensive method to identify water sources
[2–4]. Traditional water quality and hydrochemical analysis
have evolved into more advanced techniques for identifying
water sources. For example, the isotope method could be
used to track the source of mine water and determine the
connectivity of groundwater aquifers based on the composi-
tion of mine water and the ratio of measured isotope [5, 6];
The theoretical formula of nonlinear mathematics was used
to calculate the correlation between sample indicators and
data, and the respective discriminant models and evaluation
results were obtained, such as grey system theory [7, 8],
artificial neural network [9, 10], fuzzy mathematics [11,
12], which have good effects on distinguishing the source
of mine water.

Multivariate statistical analysis was often combined with
hydrochemical analysis, based on hydrochemical data. Factor
analysis and weight were used to deal with multi-
dimensional complex data and reflect the proportion of
major ions causing groundwater pollution, the distribution
of polluted ions is obtained to evaluate the pollution degree
of groundwater [13]; PCA and HCA could also be combined
to establish a model for analyzing and evaluating surface
water quality changes and influencing factors, thereby identi-
fying the main types of pollution sources [14]; Multivariate
statistical analysis could also be used to identify the source
of mine water inrush and the connection between aquifers
and water-conducting channels, such as Liu et al. [15] who
established a water sample database at the -375m elevation
of the Shandong coastal gold mine, used PCA and CA to
identify the source of mine water, and established a Bayes
discriminant model to test the sample groupings, and finally
identified the faults through the workings as potential water-
conducting channels. Wang et al. [16] based on the aquifer
water sample data of Jiaojia Gold Mine, weighted multi-
dimensional indexes with EWM, removed indexes with
lower weights, used PCA and HCA to handle remaining
10 sample indexes, finally proved that the main source of
mine water is the fault hanging wall, which provided a
reference for mine water prevention. Sun and Gui [17] used
PCA, CA and DA to build a model based on the water sam-
ple data from Renlou coal mine, which could understand
the main aquifer from the perspective of ions, and the
source of mine water could be judged by using the concen-
tration value of main ions.

At present, mines entering the stage of deep mining are
facing more complex water inrush environment, various geo-
logical structures will make different aquifers connect with
each other, resulting in similar hydrochemical characteristics
of collected water samples and superposition of hydrochemi-
cal data information, which makes it extremely difficult to
identify water inrush sources.

For this reason, the author puts forward the method of
PCA+HCA+SDA to discriminate the source of mine water,
which can discriminate the mine water source with complex
water source and complex structure, and the discrimination
result has high accuracy, the flow chart of research methods
is shown in Figure 1. At the same time, the function of
HCA tree diagram is not only used for data classification,
but also combined with Piper diagram to screen and elimi-

nate data, which makes the screening of data more detailed
and the result of discriminant equation more accurate. In
this paper, the spatial position relationship between
groundwater is fully considered, the direct optimal combi-
nation of several multivariate statistical analysis methods
is studied, and finally the PCA+HCA+SDA model for
distinguishing water inrush sources is proposed. On the
basis of improving the correct rate of discrimination, the
experimental data can be standardized, and the connection
between water sources can be made clear. Provide a new
solution for water source identification.

2. Study Area

2.1. Geological Conditions. Yangcheng Coal Mine is located in
Guolou Town, Wenshang County, Jining City, Shandong
Province, as shown in Figure 2. It belongs to temperate semi-
humid monsoon climate, with an annual average temperature
of 13.5°C and an annual average precipitation of 664.7mm,
mostly concentrated in June to September. The mining area
lies in the alluvial plain of the Yellow River, with flat terrain,
high in the south and low in the north, with a ground elevation
of +38.80m~+41.60m and an area of 42.63 km2.

The strata in the mining area are monoclinic structure with
a strike of NE and a dip of SE, with a dip angle of 11° ~25° and a
local dip angle of 50°. The coal-bearing strata are mainly Car-
boniferous and Permian, with a total thickness of 257m and
18 coal-bearing strata. 3 Coal seam is a thick coal seam sand-
wiched between sandstones of Shanxi Formation and is the
main coal seam mined in the mining area, with an average
thickness of 7.2m and an inclination angle of 26° ~30°. The
No.3 mining area, which mainly mines 3 coal seams, is taken
as the main area for water sample collection, and its elevation
is -870m~ -1050m, belonging to deep mining.

Fault structures are well developed in this area. The east,
south and north directions are cut off by F1, F2, F3 and F4
major faults and Wensi branch faults,,, respectively. The
main strike of faults can be divided into NE, NW and EW
directions, of which NE direction is the most developed.
Geophysical exploration shows that there are 124 large and
small faults in the area, all of which are normal faults. F1,
Jizhuang and Yangchengba faults are large in scale, large in
drop and strong in ductility, forming the main body of faults
in the area. Folds in this area are distributed in the northern
part of the study area, mainly including Houcang syncline,
Wanglou anticline, Qulou anticline, etc. The fault structure
in the study area is shown in Figure 2.

2.2. Hydrogeological Conditions. The aquifers which have great
influence on the mining work of the working face can be
divided into three types. (1) The first type is the sandstone aqui-
fer of Shanxi Formation, distributed in the roof and floor of 3
coal seam, it is composed of sandstone, siltstone and mudstone,
average thickness of the roof sandstone section is 31.69m.
Geophysical exploration shows that the roof sandstone section
has certain static reserves. According to the production require-
ments, the roof sandstone water in coal seam is drained by dril-
ling holes during mining, and the accumulated drained water
reaches 95000 m3. The working face is currently less threatened
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Figure 1: Flow chart of research methods.
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by sandstone water, but roof gushing still exists. (2) The second
type is Taiyuan Formation limestone aquifer, which is 54m
away from the coal seam floor and contains 8 layers of lime-
stone strata, which are distributed alternately with fine sand-
stone, medium sandstone, siltstone and mudstone. Among
them, 3 layers of limestone have great influence on the working
face, which are 49m~58m away from the coal seam and gener-
ally have a thickness of about 4m. The water pressure of the 3
layers of limestone water is relatively high. In the horizontal
boreholes of -312m and -650m in the mine, the water pressure
is greater than 1MPa, some reaching 3.5MPa, and the maxi-
mum water inflow is 45 m3/h. In the initial stage of mining
and infrastructure construction, the limestone water of Taiyuan
Formation is easy to threaten the working face. (3) The third
type is Ordovician limestone aquifer, which ismainly composed
of limestone, dolomite and dolomitic limestone. It is 210m
away from the coal seam floor and belongs to the strong aquifer
in the region, with a thickness of about 800m. The unit water
inflow of boreholes is 0.275L/sm~0.490L/sm, and the average
permeability coefficient is 0.790m/d.

The water-resisting layers in the study area are mainly
Quaternary clay, mudstone and sandstone of Xiashihezi
Formation and mudstone of Benxi Formation. The water-
resisting effect is affected by faults DF53 and FD228. Fault
DF53 have a drop of 35m and cuts through sandstone aqui-
fer, coal seams, Taiyuan Formation limestone aquifer and
Ordovician limestone aquifer, which have great influence
on the working face of No.3 mining area. Figure 3 shows
the relative positional relationship between fault DF53 and
3 main aquifers.

3. Materials and Methods

A total of 30 groups of water samples were collected from 3
main aquifers, including Shanxi Formation sandstone aquifer
(I), Taiyuan Formation limestone aquifer (II) and Ordovician
limestone aquifer (III). They came from several main mining
faces (3308, 3310, etc.) in No. 3 mining area of Yangcheng coal
mine, and 10 groups of fault water samples from 3305 working
face were collected as water samples to be tested. The collected
water samples were sent to the Testing and Analysis Center of
Shandong coalfield geology bureau of the Fifth Exploration
Team for chemical testing and a water quality testing report
was obtained, in which the main ions Na++ K+, Ca2 +, Mg2 +,
Cl-, SO42- and the total hardness (TH) of the water were deter-
mined by ion chromatography. HCO3

- and the total basicity
(TA) of water was determined by titration with dilute sulfuric
acid-methyl orange; Total dissolved solids (TDS) were
obtained by filtering, drying and weighing water samples.
The pH value was determined by pH tester. Finally, the ten
discriminant index data of mine water were sorted and drawn
into a table, as shown in Table 1.

3.1. Hydrogeochemistry. The groundwater of different aquifers
usually shows differences in water chemical composition, so
each aquifer has different water chemical characteristics [18,
19]. Piper Diagram and Durov Diagram were commonly used
in water chemical analysis. The ion composition and propor-
tion of each water sample could be read out on Piper Diagram.

The relative contents of cations and anions in the water sam-
ple could be read out on the lower two isosceles triangles,
respectively. The upper rhombus part was used to read the
total ion proportion and chemical properties of the water sam-
ple. Water samples in each aquifer will be concentrated in the
rhombus part of Piper diagram, while individual water sam-
ples with composition differences would deviate from most
water samples. These non-standard water samples would be
eliminated, but most “standard” water samples conforming
to the composition characteristics of this aquifer would be
found by screening water samples in this way [20, 21].

3.2. Principal Component Analysis. PCA is a basicmultivariate
statistical analysis method. Its main idea is to construct a linear
combination of raw variables and compress multiple groups of
complex variables into simple comprehensive variables to
achieve the effects of compressing data and extracting main
information [20–24]. In order to avoid the influence of different
data units on the calculation results, the raw data was standard-
ized by z-scores firstly, n samples were xi = ðxi1, xi2,⋯, xipÞ,
and the formula was as follows [25, 26]:

Zij =
xij − �xj

sj

�xj =
∑n

i=1xij
n

s2j =
∑n

i=1 xij − �xj
� �2
n − 1

ð1Þ

Coal
Goaf
Shanxi formation sandstone
Other sandstone
Taiyuan formation limestone
3 layers of limestone
DF53 fault
Ordovician limestone

Figure 3: Relative position of fault to main aquifer.
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Zij is the standardized data, and �xj and s
2
j are the mean and

variance of j column elements of the raw data, respectively.
Secondly, principal components were used to reflect as

much variable information as possible, when the first princi-
pal component was not enough to represent the information
of the raw variables, the second principal component was
considered until most of the information about the raw var-
iables could be represented by several principal components.

According to this idea, the relationship between PCA and
raw variables was [27, 28]:

F1 = a11X1 + a21X2+⋯+ap1Xp

F2 = a12F1 + a22F2+⋯+ap2Fp

⋯

Fp = a1pF1 + a2pF2+⋯+appFp

8>>>>><
>>>>>:

ð2Þ

Table 1: Forty groups of water chemistry data.

No. Na++ K+ Ca2+ Mg2+ Cl- SO4
2- HCO3

- TH TA TDS PH Aquifer

1 180.44 3.95 3.58 107.95 5.14 265.93 24.62 261.71 480.00 8.3 I

2 352.91 4.69 4.27 204.86 44.45 495.48 29.27 470.38 1130.00 8.5 I

3 399.51 13.91 6.74 387.96 42.81 354.58 62.50 342.22 1067.00 8.3 I

4 176.85 11.84 8.37 110.22 44.03 273.98 64.05 249.40 530.00 8.0 II

5 209.53 103.56 45.12 213.38 214.93 466.98 444.92 389.48 1041.90 7.1 III

6 660.33 10.72 8.20 626.70 168.76 494.48 60.55 441.10 1774.00 8.3 I

7 819.74 9.88 12.47 1223.60 323.90 455.90 106.18 433.20 2995.00 8.3 I

8 1095.10 24.25 11.08 729.02 248.61 581.32 76.01 575.61 2139.00 8.1 I

9 943.76 68.40 26.86 1095.64 552.37 267.76 281.37 219.58 2749.00 7.8 I

10 1218.24 31.40 8.19 1274.71 523.56 484.84 112.14 425.29 3257.00 8.0 I

11 1076.94 21.86 34.46 1386.83 79.62 435.24 196.47 356.92 2840.17 7.9 II

12 478.43 607.44 123.04 511.77 2071.69 157.61 2026.45 129.27 3893.36 7.7 III

13 355.10 507.69 189.61 958.15 1321.24 106.36 2048.50 92.67 3512.00 7.8 III

14 2251.10 200.46 68.09 2957.06 1249.21 267.76 780.92 219.58 7104.00 7.5 I

15 2279.30 216.67 65.69 3009.71 1295.72 238.77 810.55 195.81 7164.00 7.8 I

16 2192.80 114.85 41.92 3470.28 59.68 344.95 459.42 282.88 6025.00 7.2 II

17 1541.09 89.42 59.28 2511.03 14.41 340.13 467.37 278.92 4528.00 7.5 II

18 1720.31 71.82 60.48 2720.13 20.99 385.95 428.39 316.50 4717.00 7.5 II

19 1560.05 78.26 44.74 2552.62 18.56 256.14 379.64 210.05 4401.52 7.5 II

20 1965.63 61.13 26.09 2930.70 1.10 485.56 260.10 398.24 5250.80 8.2 II

21 1985.13 178.44 89.16 3419.12 20.99 369.05 812.70 302.64 6018.00 7.4 II

22 2182.96 338.05 143.86 4233.76 38.69 238.77 1436.50 195.81 6862.00 7.3 II

23 1962.73 298.52 160.64 3904.72 14.41 241.67 1406.87 176.04 6518.00 7.1 II

24 958.87 681.82 176.16 2133.32 1600.27 219.54 2427.85 180.04 5769.68 7.2 III

25 1002.18 954.15 230.72 2486.43 1839.1 187.26 3332.50 153.56 6699.86 7.5 III

26 1185.44 890.44 156.55 1531.43 2030.21 173.88 2880.71 145.00 5433.13 7.0 III

27 2380.64 1294.90 337.36 5192.62 2263.80 166.46 4615.59 136.51 11790.00 7.2 III

28 2406.67 1200.02 291.58 4851.57 2346.12 195.39 4191.05 160.20 10720.00 7.2 III

29 2216.74 478.86 306.04 4067.13 1368.57 190.57 2455.91 156.27 8916.00 7.2 II

30 2164.32 459.00 195.19 3845.45 1034.35 205.03 1949.86 168.13 8022.00 6.6 II

31 2016.16 298.52 129.47 3746.78 158.05 287.04 1278.52 235.39 6604.00 7.3 Uncertain

32 2496.29 514.34 175.74 4650.03 1073.18 170.53 2008.16 139.86 9017.23 7.2 Uncertain

33 2394.41 406.56 153.68 4033.88 676.85 190.20 1648.10 156.00 7780.25 6.9 Uncertain

34 2501.58 540.64 246.78 4540.86 1084.15 185.74 2366.19 152.32 8835.00 6.9 Uncertain

35 2352.23 512.70 241.95 4365.36 1089.51 185.74 2276.52 152.32 8671.00 7.1 Uncertain

36 2384.07 583.20 280.52 4804.09 891.94 185.74 2611.39 152.32 9197.00 7.2 Uncertain

37 2272.06 531.80 210.98 4760.24 325.99 161.64 2196.71 132.56 8302.00 7.2 Uncertain

38 2405.52 429.00 210.98 4518.95 637.16 205.03 1940.00 168.13 8482.00 7.1 Uncertain

39 2692.93 617.95 202.42 4169.45 2114.39 229.13 2376.55 187.90 9501.00 7.5 Uncertain

40 2282.20 43.49 309.77 4167.90 263.42 262.94 1384.16 215.62 7279.00 7.0 Uncertain

unit: mg/L, PH without unit.
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On SPSS, most of the information of the raw variables needs
to be expressed by the characteristic root of the principal
component being greater than 1 or the cumulative contribu-
tion rate of the principal component expressing the original
information being greater than 85%. SPSS is an analysis
software introduced by IBM in 1984 to carry out statistical
analysis and operation on data [15].

3.3. Hierarchical Cluster Analysis. Hierarchical Cluster Anal-
ysis (HCA) is the process of clustering samples with a higher
degree of similarity into one category based on the features
between them, and then re-aggregating the aggregated sub-
categories according to the degree of similarity, and finally
all the sub-categories are aggregated into one large category,
a process that can be represented as a tree diagram where it
can be clearly seen which samples are more similar to each
other [29–31].

HCA defines p variables of water samples as a point in p-
dimensional space, so the similarity can be expressed by the
distance between classes and samples. Using different cluster-
ing methods, the clustering results may also be different, such
as Single link method, Complete link method, Between-
groups link method andWard’s method. The smaller the dis-
tance, the higher the similarity between the two categories.
The method used in this paper was the Between-groups link
method, let the two groups be Gp and Gq, and the expression
of the distance between the two classes was as follows [4, 29]:

D2
pq =

1
npnq

〠
xi∈Gp

〠
xj∈Gq

d2ij ð3Þ

Where xi and xj are the i and j samples of Gp andGq; dij is the
distance between samples of Gp and Gq; np and nq are the
number of samples contained in the two groups.

The distance dij between samples used the Squared
Euclidean distance formula, which was:

d2ij = 〠
p

k=1
xik − xjk
� �2 ð4Þ

Where xik and xjk represent the k-th variable of samples
xi and xj.

3.4. Stepwise Discriminant Analysis. In a case where most of
that water sample category are known, we need to introduce
a discriminant function if we want to determine the type of
unknown water sample or get the correct rate of discrimina-
tion. There are many variables, if all variables are introduced
into the discriminant function, the calculation process will be
complicated [32]. This article adopted the stepwise discrimi-
nant analysis (SDA), which would select the variables with a
greater contribution to the discriminant result to introduce
the discriminant function, which could greatly reduce the
amount of calculation. Using Wilks’ Lambda statistics as
the principle of stepwise discrimination, we selected variables
that can minimize the Wilks’ Lambda of the population to
enter the discrimination function for each step in the opera-

tion process. In addition, in the discrimination process, we
used the size of the F value to keep or delete variables. After
p deletions, r variables were finally selected and used as vari-
ables of Bayesian discriminant function. Then, substituted
the ion concentration into several discriminant functions to
obtain the function value, and found the category with the
largest function value, which was the final grouping of the
sample [33–36].

4. Results and Discussion

4.1. Hydrochemical Analysis. Figures 4(a), 4(b) and 4(c)
showed the relative proportion of various ions in water
samples and the actual concentration values of various ions
and the concentration changes in 40 water samples. Com-
bined with Figures 4(a) to 4(c) for hydrochemical analysis,
the evolution process of ions in groundwater could be more
clearly shown.

By observing Figures 4(a) and 4(c), it could be seen that
the main water quality of Shanxi Formation sandstone water
was HCO3·Cl-Na type, and HCO3

- accounts for 30~40% of
Shanxi Formation sandstone water. The formation of
HCO3

- was initially due to the hydrolysis of potassium
feldspar and albite in the coal measures strata in the deep
strata, which increased the Na++K+ content in the groundwa-
ter. However, Na+ and Ca2+ can undergo reduction reaction
in an anoxic environment under the formation, and then
SO4

2- could be reduced to H2S through the action of bacteria,
thus increasing the proportion of HCO3

-. The chemical
formula of the chemical reaction is as follows:

2Na+ + CaSO4 ⟶ Ca2+ + Na2SO4

Na2SO4 + 2C + 2H2O �����!bacterial 2NaHCO3 + H2S↑
ð5Þ

On Figure 4(a), the points of cations in the sandstone water
(I) of Shanxi Formation were concentrated, anions were
dispersed, because Na++K+ accounted for more than 80%
of total cations. In anions, the concentration of HCO3

- and
Cl- in anions had a converse changing trend: HCO3

- accounts
for 30~40% in water samples No.1-6, while the proportion in
sandstone water samples 6-10 decreased, HCO3

- accounts for
10~20%, and samples No.14-15 were also collected from
aquifer I, in which HCO3

- accounted for only 3~ 4%. But
the proportion and concentration of Cl- were both increas-
ing. Obviously, the characteristic ion HCO3

- of sandstone
water decreases, and the concentration of Cl- and SO4

2- rose
sharply, the water sample type of Shanxi Formation sand-
stone changed from HCO3·Cl-Na type water to Cl·SO4-Na
type water.

On Figure 4(b), it could be seen that the TDS of sand-
stone water samples were low, within 0~4000mg/L, it
belonged to medium soluble solid mine water (according to
the classification standard of coal mine water promulgated
by China in 2015, mine water with soluble solid content
between 1000mg/L and 6000mg/L belonged to medium
soluble solid mine water, and mine water with soluble solid
content >6000mg/L belonged to high soluble solid mine
water [37]).The change of anion SO4

2- could be analyzed
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Figure 4: Piper Diagram (a), Durov Diagram (b) and Percentage Stacked Bar Chart (c) of 40 water samples.
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from the runoff change of sandstone water, the mining dis-
turbance caused by coal seammining also produced fractures
and fissures in the surrounding rock on the upper wall of the
coal seam. Sandstone water could flow in the fissures, which
accelerated the runoff of groundwater, and sulfides in coal
strata undergo oxidation reaction when dissolved oxygen in
water increases. The following is the chemical equation:

2FeS2 + 7O2 + 2H2O⟶ 2FeSO4 + 2H2SO4

4FeSO4 + 2H2SO4 + O2 ⟶ 2Fe2 SO4ð Þ3 + 2H2O

Fe2 SO4ð Þ3 + 2H2O⟶ 2Fe OHð Þ3↓+3H2SO4

ð6Þ

Therefore, the concentration of SO4
2- in groundwater

increased, from less than 7% to about 15%, and the flowing
mine water also dissolved Cl- containing minerals, which
made the concentration of Cl- increased, from less than
20% to more than 30%, and the TDS of water samples had
a gradual upward trend.

The anions and cations in the limestone water of Taiyuan
Formation were mainly Cl- and Na++K+, it could be seen
from Figure 4(c) that the proportion of Na++K+ was more
than 30% of the total ion content, and the content of Cl-

was more than 55% of the total ion content. The limestone
water of Taiyuan Formation was a typical chloride water,
and sodium chloride occupied a large proportion in the
groundwater, and the water quality was Cl-Na type. The
TDS of aquifer II water samples were between 3000mg/L
and 8000mg/L, and the mine water could be divided into
medium soluble solid mine water and high soluble solid mine
water according to soluble solids. As could be seen from
Figure 4(a), There was a phenomenon of overlapping water
samples between aquifer II water samples, aquifer I water
samples and unknown water samples, and the TDS or other
ion contents were not completely consistent. Considering
that mining operations might affect Taiyuan Formation
limestone, it was speculated that there might be some
channels that made Taiyuan Formation limestone water
affect other aquifers.
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Figure 5: Boxplots of ion composition difference under different water heads.
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According to Figure 4(a), water sample No.5 should be
excluded. The Ordovician limestone water sample contained
a lot of SO4

2- and Ca2+(Ca2+ accounted for 15% of the total
ion content, and SO4

2- accounted for more than 25% of the
total ion content), which was an important feature of Ordo-
vician limestone aquifer and the main difference between it
and the other two aquifers (I and II). SO4

2- and Ca2+ and
Mg2+ originated from the dissolution of gypsum, dolomite
and other halides and sulphates of calcium and magnesium
in underground strata. Similarly, Cl- and Na++K+ accounted
for a higher proportion in Ordovician limestone water, and
these ions came from halides of potassium and sodium which
were more easily dissolved. The content of these ions
increased, which made the content of TDS very high, and

the TDS of No.27-28 water samples even exceeded
10000mg/L. The III aquifer had a large buried depth, was
poorly recharged by other water sources, and had a strong
interaction between groundwater and rocks. The influence
of DF53 fault on the third aquifer was not significant.

4.2. Spatial Distribution Characteristics of Hydrochemical
Elements. Figures 5(a)–5(g) compared and analyzed various
elements in aquifer and fault water of three different ground-
water heads. Since uncertian water samples were obtained by
drilling holes near faults, No.31-40 water samples were used
to represent fault water samples, which could intuitively
reflect the evolution characteristics of groundwater and the
connection between aquifer and faults.
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Figure 6: Concentration distribution map of different ions in mining area.

Table 2: Correlation Coefficient Matrix between Variables.

Na++K+ Ca2+ Mg2+ Cl- SO4
2- HCO3

- TH TA TDS PH

Na++K+ 1.000

Ca2+ 0.379 1.000

Mg2+ 0.610 0.791 1.000

Cl- 0.954 0.526 0.760 1.000

SO4
2- 0.242 0.861 0.628 0.289 1.000

HCO3
- -0.397 0.697 0.735 0.533 -0.610 1.000

TH 0.479 0.977 0.904 0.634 0.823 -0.746 1.000

TA -0.451 0.685 0.738 0.582 0.585 0.988 -0.739 1.000

TDS 0.903 0.717 0.846 0.951 0.567 -0.634 0.798 -0.668 1.000

PH -0.659 0.543 0.723 -0.732 -0.350 0.623 -0.634 0.678 -0.733 1.000
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Firstly, with the increase of water head depth, the content
of various ions had obvious changes, and the law of change
was not completely consistent. It could be seen that
Na++K+, Ca2+, Mg2+, Cl-, SO4

2- all had obvious increases,
resulted in a significant increase in TDS as depth increases.
In deep mines, the difference of TDS in groundwater was
often related to the runoff velocity of groundwater. Under
the action of coal mining, the roof of coal seam was affected
by fissures and boreholes, and groundwater runoff increases,
which was an important factor affecting groundwater level
and flow velocity. Secondly, from the changes of these ions,
we could also see some characteristics of groundwater under
different water heads, for example, the concentration of SO4

2-

was very low at -960m water head, while the concentration
increased significantly at -1120m water head; The contents
of Ca2+ and Mg2+ at -1120m water head increased signifi-
cantly, and the proportion was larger than that at other water
heads; The proportion of Na++K+ and Cl- in mine ground-
water was relatively high, and their variation laws were
similar, indicating that sodium chloride was one of the main
components of mine groundwater. From the change of
boxplots, it could be seen that some indicators were also sig-
nificantly correlated, for example, with the increase of depth,
the values of pH and TA both had a downward trend,
because they were both related to the concentration of
HCO3

-, HCO3
- became weakly alkaline in water. With the

increase of depth, the concentration of HCO3
- decreases,

causing the alkalinity to decrease, and pH naturally
decreases, finally approaching 7, indicating that mine water
is weakly alkaline.

Figures 6(a)–6(d) showed the spatial distribution charac-
teristics of Ca2+, TDS, Na++K+ and HCO3

- in the mining
area. The high concentration value of Ca2+ was distributed
in the southeast of the mining area, and the concentration
value was quite different between the south and the north.
The Ca2+ concentration near the Yangchengba fault and
Jizhuang fault was generally low, both below 660mg/L,
because the groundwater near the fault could flow freely,
and Ca2+ in the water was easier to react with HCO3

- and
CO3

2- to precipitate, while Ca2+ could be preserved in the
closed groundwater with small runoff conditions. The high
concentration of TDS appeared in the south of the mining
area. The fault in the north of the mining area affected the
runoff change of groundwater. The TDS near the fault was
relatively low. For example, the TDS in most areas near the
Yangchengba fault was in the range of 500~2800mg/L, and
the TDS in most areas near the Jizhuang fault was in the
range of 2000~4100mg/L, only a few areas had a sudden
increase in TDS, but the range is not wide. By comparing
Figures 6(b) and 6(c), it could be found that the distribution
law of Na++K+ and TDS was similar, they all had a minimum
concentration near the Yangchengba fault. The high concen-

tration was concentrated in the south and northeast of the
mining area, which was closely related to the distribution of
the fault, it could be seen that the conduction state of the fault
affected the groundwater flow and also affected the ion
concentration distribution in the groundwater. The concen-
tration of HCO3

- was contrary to the distribution law of other
ions. The highest concentration of HCO3

- existed near the
Yangchengba fault in the north of the mining area, while
the concentration of HCO3

- in the south of the mining area
was getting lower and lower. This was due to the high con-
centration of CO2 in the groundwater near the fault, which
could react with water to form HCO3

-, while the concentra-
tion of CO2 in the deep stratum was low, and some cations
would react with HCO3

- and precipitate.
After the above research, it can directly reflect that the ion

concentration change in the mining area not only has obvi-
ous distribution law in depth, there are also certain variation
characteristics in the spatial range, this change is closely
related to the geological structure in the region. The existence
of faults and fissures will enable groundwater to flow freely,
while runoff will change the ion concentration in groundwa-
ter and promote the interaction between water and rocks.
Therefore, it is generally scientific and reliable to use the
hydrochemical characteristics of groundwater to reflect the
internal relations between aquifers.

4.3. Multivariate Statistical Analysis. The Kaiser-Meyer-
Olkin value was 0.731 of the data in Table 1, and the value
of Bartlett test was 0 (less than 0.05), there was correlation
between the raw data, and the data analysis was easily
affected by potential factors [38], so PCA was suitable before
data analysis. In Table 2, the correlation coefficient between
variables was generally large (>0.7 was marked in bold),
and the correlation between variables was high. PCA can
eliminate the correlation between variables [39, 40]. As can
be seen from Table 2, the correlation coefficients of Na++ K+

and Cl- are 0.954, Ca2+ and SO4
2- are 0.861, which have high

positive correlation, while HCO3
- is negatively correlated with

other ions, indicating that HCO3
- gradually decreases with the

increase of other ions in water samples, which is consistent
with the results of hydrochemical analysis.

PCA was performed on the original data in SPSS, and the
sum of two principal components (see Table 3) was finally
selected, their cumulative variance contribution rate was
85.9%, and their eigenvalues were 7.076 and 1.514, respec-
tively, meeting the conditions that the eigenvalue was greater
than 1 and the cumulative variance contribution rate was
greater than 85%. F1 and F2 respectively, reflected the
variance contribution rate of 70.762% and 15.138% of the
original information. Finally, the obtained principal compo-
nent was a linear combination of the raw 10 variables, and
the score formula of the principal component was as follows:

F1 = 0:102X1 + 0:121X2 + 0:131X3 + 0:117X4 + 0:100X5 − 0:118X6 + 0:131X7 − 0:120X8 + 0:132X9 − 0:112X10

F2 = 0:426X1 − 0:261X2 − 0:013X3 + 0:354X4 − 0:368X5 + 0:173X6 − 0:187X7 + 0:126X8 + 0:195X9 − 0:176X10

(
ð7Þ
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The principal component score was calculated by the princi-
pal component score formula, and the principal component
score was saved as variables on SPSS as the basic data of
HCA, and Q-type clustering analysis of HCA was carried
out. Q-type clustering analysis is based on comprehensive
comparison of different parameters between samples, group-
ing samples, and showing the relationship between samples
in this way [41]. Except for the No.4 and No.5 water samples
eliminated by water chemical analysis, the tree diagram of the
remaining 38 groups of water samples was shown in Figure 7.

On Figure 7, the connection distance (X axis) between
groups is defined as Dlink/Dmax, the quotient of the connec-
tion distance and the maximum distance to represent the
distance between samples [38, 42]. When Dlink/Dmax ≤15,
each water sample data can be clearly divided into 3 groups,
named M1, M2 and M3, respectively, from top to bottom.
From the results of tree diagram grouping, it can be seen that
M1, M2 and M3 correspond to aquifers II, I and III, respec-
tively, and most water samples could be correctly divided
into the corresponding aquifers, which indicated that HCA
could reliably group the original water samples.

The 3 water samples of 11, 14 and 15 were different from
the original grouping (marked with red rectangle in Figure 7)
and were eliminated from the database. Water sample 11 had
a relatively low SO4

2- concentration, and HCO3
- and Cl- con-

centrations were similar to those of sandstone water, so water
sample 11 was wrongly classified as I from II. Water samples
14 and 15 belonged to aquifer I, they had higher Cl- and Na+

and SO4
2-, so water samples 14 and 15 were wrongly classi-

fied as aquifer II. It could be inferred that there was a hydrau-
lic connection between the sandstone aquifer of Shanxi
Formation and the limestone aquifer of Taiyuan Formation,
therefore, the water samples of the two aquifers misjudged
each other in a large number. From the ion level, Taiyuan
Formation limestone water with high Cl- and Na+ concentra-
tions and large TDS was mixed with Shanxi Formation sand-
stone water, which made the Cl- and Na+ concentrations in
sandstone water gradually increase. Combined with the engi-
neering practice, it was believed that the water conduction
channels of the two aquifers should be the exploration and
discharge boreholes of sandstone aquifer and fault DF53.

The water samples of Ordovician limestone were rela-
tively concentrated, No. 5 water sample removed by hydro-
chemical analysis, the rest of the water samples were not
misjudged, it showed that the Ordovician limestone aquifer
under the No.3 mining area was relatively independent, and
the mudstone aquifer of Benxi Formation had a good water
blocking effect, and there was no interference from faults
and a large amount of water gushing phenomenon. However,
under the influence of mining disturbance, the threat of
water gushing from Ordovician limestone still exists, and

waterproof coal pillars still need to be retained near faults
to ensure mine safety.

The correct 25 groups of water samples were introduced
into the discriminant function, according to the requirement
of normality test, Wilks’ Lambda value was used to select
variables, when the F value of the variable was greater than
the specified “Enter” value of 3.84, the variable was retained,
and when the F value of the variable was less than the speci-
fied “Delete” value of 2.71, the variable was deleted. Finally, 3
variables satisfying the conditions were retained, including
Na+ + K+, Ca2+ and TA. The value of TA was highly corre-
lated with the content of HCO3

-. In this paper, the value of
TA was used to introduce the discriminant function, if with-
out measuring TA, the concentration of HCO3

- could also be
introduced, which had little influence on the discriminant
result of stepwise discriminant analysis. Taking HCA group-
ing M1, M2 and M3 as grouping variables, the discriminant
functions of the 3 aquifers established by stepwise discrimi-
nant analysis were as follows:

f 1 = 0:015w Na+ + K+ð Þ − 0:025w Ca2+
� �

+ 0:012w TAð Þ − 14:286

f 2 = −0:002w Na+ + K+ð Þ + 0:011w Ca2+
� �

+ 0:063w TAð Þ − 13:101

f 3 = −0:018w Na+ + K+ð Þ + 0:072w Ca2+
� �

+ 0:070w TAð Þ − 26:365

8>><
>>:

ð8Þ

In the formula, f 1, f 2 and f 3, respectively, represent the
discriminant functions of the 3 groups M1, M2 and M3, cor-
responding to aquifers II, I and III; wð Þ is that it corresponds
ion concentration value.

The model was used to distinguish 25 groups of water
samples, of which No.9 water sample from sandstone aquifer
was misjudged as Taiyuan Formation limestone water, and
the rest water samples were all accurately distinguished, with
a discrimination accuracy rate of 96%. The three ion concen-
trations of uncertain water samples were substituted into the
formula to obtain three function values f 1, f 2 and f 3. The
function with the largest function value is the grouping of
water samples that were finally discriminated. Comparing
the 3 groups of function values, it was found that f 1 value
was the largest, and 10 groups of water samples to be tested
were classified as M1 by discriminant analysis (see Table 4).

The scatter graph of the canonical discriminant function
(see Figure 8) was easier to show the relationship between the
3 types of water samples. Finally, the water sample to be
tested was identified as limestone water of Taiyuan Forma-
tion. This result was mutually verified with the tree diagram
result of HCA. On Figure 8, the water sample to be tested
was closer to limestone water sample of Taiyuan Formation,
and the No.9 water sample from M2 group was closer to the
center point of M1, which eventually could lead to misjudg-
ment. Through the above discrimination results, it was
proved that DF53 fault was the water conduction channel
of Taiyuan Formation limestone aquifer, which made the
sandstone aquifer of Shanxi Formation and the water source
of Taiyuan Formation limestone aquifer connected. The
mixed water sources of the two aquifers made the TDS of
sandstone water increase and the ionic composition change.

Table 3: Variance contribution rate of original information.

Principle
component

Eigenvalues
value

Variance%
Cumulative
variance %

1 7.076 70.762 70.762

2 1.514 15.138 85.900
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The Ordovician limestone aquifer had little connection with
other aquifers, and there was no misjudgment of water
sources, which indicated that the Ordovician limestone water
was relatively independent and less affected by faults.

Through the above analysis, it could be understood that
the limestone water of Taiyuan Formation showed water
gushing under the conduction of fault DF53, which was due
to the expansion of rock fissures caused by mining, which
made the originally closed aquifer became active and caused
ions exchange in groundwater. The dynamic changes of
groundwater were remarkable, the limestone of Taiyuan For-
mation and the sandstone of Shanxi Formation were located

on the upper wall and the lower wall of the coal seam, respec-
tively, under mining disturbance, Taiyuan Formation lime-
stone water gushed out to the working face along fault
DF53. As Taiyuan Formation limestone water contained a
large amount of Na++ K+ and Cl-, these ions also affected
the quality of sandstone water in the upper wall. Sandstone
water with low TDS and high HCO3

- content was mixed with
Taiyuan Formation limestone water, which increased Cl-

concentration and TDS of mixed sandstone water samples.
Combined with hydrochemical analysis and multivariate
statistical analysis, it could be understood that faults and
fractures were the main influencing factors of groundwater
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Figure 7: Hierarchical cluster analysis tree diagram.
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activity in Yangcheng CoalMine, and groundwater movement
might be aggravated by the disturbance of mining work.

5. Conclusions

Based on 40 groups of water samples collected from the
working face in Yangcheng Coal Mine, this paper studied
the evolution law of groundwater, analyzed the water quality
characteristics of each aquifer, and screened the water
samples by using hydrochemical analysis. The 10 variables
were compressed by PCA, and the principal component
scores were substituted into HCA to obtain the tree diagram
classification results. Then the water samples were screened
again, and 3 groups M1, M2 and M3 were obtained, repre-
senting Taiyuan Formation limestone water, Shanxi Forma-
tion sandstone water and Ordovician limestone water,
respectively. Finally, M1, M2 and M3 were taken as grouping
variables and the remaining water samples were taken as

variables for stepwise discriminant analysis, and discrimi-
nant functions f 1, f 2 and f 3 were obtained. The discriminant
results were compared with the tree diagram for mutual
verification. The following conclusions were obtained by
combining various analysis methods:

(1) With the development of groundwater in Yangcheng
Coal Mine to the deep, the fluidity would become
weaker and TDS would increase significantly. Sand-
stone water of Shanxi Formation was affected by fault
DF53, which could be related to limestone water of
Taiyuan Formation. Na+, Cl- and TDS in groundwa-
ter would increase obviously, making there were
more misjudged water samples in the two aquifers

(2) Combining hydrochemical analysis andHCA tree dia-
gram to screen water samples is more accurate than
using Piper diagram only to screen water samples,
and the accuracy rate of the obtained results is higher

(3) SDA retained 3 variables (Na++ K+, Ca2+, TA) that
had great influence on the results and introduced
discriminant function, which could correctly dis-
criminate 96% of the known water samples. Ten
groups of unknown water samples were classified
into Taiyuan Formation limestone water samples
and verified with HCA results, proving that there
was a potential connection between fault DF53 and
limestone aquifer of Taiyuan Formation, while fault
had little influence on Ordovician limestone aquifer

(4) The combination of PCA and HCA and SDA based
on hydrochemical chemical characteristics could
identify water sources in mines with fast identifica-
tion speed and high accuracy, which could meet the
actual requirements of mine engineering and has a
guiding significance for the identification of mine
water inrush
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