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Abstract: After a mine water inrush occurs, it is crucial to quickly identify the source of the water
inrush and the key control area, and to formulate accurately efficient water control measures. Ac-
cording to the differences in water chemical characteristics of four aquifers in the Fenyuan coal mine,
the concentrations of K*~Na*, Ca?*, Mg?*, CI~, SO42~, and HCO;~ were taken as water source
identification indexes. A decision tree classification model based on the C4.5 algorithm was adopted
to visualize the chemical characteristics of a single water source and extract rules, and intuitively ob-
tained the discrimination conditions of a single water source with Mg2+, Ca?*,and Cl~ as important
variables in the decision tree: Mg2+ <39.585mg/L, C1~ <516.338 mg/L and Mg2+ > 39.585 mg/L,
Ca’* < 160.860 mg/L. Factor analysis and Fisher discriminant theory were used to eliminate the
redundant ion variables, and the discriminant function equations of the two, three, and four types of
mixed water sources were obtained successively in turn. This paper puts forward MSE, RMSE, and
MAE as the evaluation indexes of the water source mixing degree calculation models and obtains the
ranking of the pros and cons of the mixed water source mixing degree calculation models. The results
show that the minimum inscribed circle analytical method is the optimal model for the calculation of
the mixing degree of two types of water sources, and the MSE, RMSE, and MAE are 0.17%, 4.13%,
and 4.13%, respectively. The minimum inscribed circle clustering method is the optimal model for the
calculation of the mixing degree of three types of water sources, and the minimum distance method
is the optimal model for the calculation of the mixing degree of four types of water sources. The
method of mine water source identification based on the decision tree C4.5 algorithm and mixing degree
calculation has the characteristics of a simple calculation process, high efficiency, objective accuracy, and
low cost, which can provide a scientific basis for the development of stope water control measures.

Keywords: mine water inrush source; decision tree; discriminant function equation; mixing degree
of water sources

1. Introduction

In coal mining activities, mine water inrush disasters are an important factor restricting
mine safety production [1-4]. Quickly and accurately identifying the causes of water damage
and water source sources can effectively predict and determine the aquifer where water
damage is expected to occur or the location of water damage accidents and can also provide
guidance for formulating reasonable and effective treatment measures [5,6]. Therefore, the
study of efficient and accurate water source identification methods and water source mixing
degree calculation models has important guiding significance for safe mining.

Different aquifers in mines contain different chemical and isotopic compositions.
Chemical characteristics analysis of aquifer water samples can clearly reflect the water qual-
ity characteristics of the aquifer [7-9]. The traditional water source identification method
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has limitations such as long time consumption and low efficiency. It also requires high hu-
man experience, knowledge reserve, and analytical judgment ability, and the general effect
is not ideal [10,11]. With the advancement and development of science and technology,
statistical methods, machine learning, and other technologies have made great progress
in water source identification [12-15]. Among multivariate statistical methods, cluster
analysis [16,17] and discriminant analysis are commonly used [18,19]. The introduction of
hybrid calculations of multiple linear analyses, including fuzzy mathematics methods [20],
gray correlation analysis [21,22], and extension identification methods provide new ideas
for identifying water sources. Duan et al. used the maximum likelihood method to estimate
the mixing ratios of water sources at each site and analyze the evolution rules of mine
water [23]. Wei et al. tested six conventional hydrochemical indexes by using the multi-
variate mixed model and fuzzy comprehensive evaluation [24]. Huang et al. constructed
a Piper-PCA-Bayes-LOOCYV discrimination model of the water inrush source in mines
that can increase the recognition accuracy effectively [25]. With the advent of the big data
era, the development of artificial neural networks and the development of deep learning
algorithms based on artificial neural networks, directly and independently learning and
extracting features from a large amount of water sample information, fully and accurately
reflecting the internal levels and corresponding rules of data [26-29]. Although these meth-
ods have significantly improved the accuracy of water source identification, the selection
of relevant parameters and optimization algorithms of these network models is interfered
with by human factors, and their internal recognition mechanism is always a “gray box”
or “black box”. The model structure is relatively complex [30-32]. At the same time, ac-
cording to practical experience, the mine effluent is often mixed by different aquifers, that
is, groundwater with a higher degree of mixing is relatively more serious to mine water
inrush [33]. In the past, scholars rarely studied the mixing degree of groundwater in mines.
Therefore, it is very necessary to study the source and mixing degree of water inrush, clarify
the source of water inrush in the stope and key prevention areas, and formulate accurate
and efficient water control measures.

Based on the hydrogeological information of the Fenyuan coal mine, this paper plans
to build a decision tree classification model based on the C4.5 algorithm, visualizing and ex-
tracting the chemical characteristics of water sources, and obtaining corresponding intuitive
discrimination conditions, thereby realizing a single water source identification. According
to the sources of water inrush in different areas underground, various analysis models are
used to calculate the mixing degree of different types of water sources successively and
propose an objective and accurate optimal mathematical analysis. Research achievements
are proposed to improve the scientific basis for clarifying the sources of water inrush,
locating the key control areas, and developing accurate and efficient measures.

2. Original Data
2.1. Hydrogeological Conditions in Study Area

Fenyuan coal mine (China) is located in the northeast of Jingle County about 30 km,
with geographical coordinates of 38°29'32"~38°32/58" north latitude, 112°06'42" ~112°08'30"
east longitude, the mineable coal seams are No.2 coal seam and No.5 coal seam. The coal
seam thickness of the No. 2 coal seam is 0~9.25 m, with an average of 1.51 m, and the
coal seam inclination angle is 30°. According to the location of the No.2 coal seam in the
Shanxi formation, when mining the No.2 coal seam, the water inflow mainly comes from
K4 sandstone fissure water (coal seam roof) and K3 sandstone fissure water (coal seam
floor) of Shanxi formation, and some areas can be indirectly filled by L1 and L2 limestone
karst water of Taiyuan formation. The No.5 coal seam is located in the Taiyuan formation,
which thickness of the coal seam is 1.85~20.06 m, with an average distance of 10.29 m,
and the spacing between two coal seams is 47.85-120.85 m (an average distance of 62.0 m).
When the water-conducting fissures produced by mining No.5 coal in the minefield affect
the Shanxi formation, the K4 and K3 sandstone fissure water of the Shanxi formation, and
the L1 and L2 limestone karst water of the Taiyuan formation (coal seam roof), and the
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K1 sandstone fissure water of the Taiyuan formation can be used as direct water-filling
aquifers. Except for the mined area in the eastern part of the minefield, other sections are
in the pressure mining area. The main threatening aquifer of the coal seam floor in the
minefield is the Ordovician limestone aquifer, whose minimum water depth is less than
20 m from the floor of the No.5 coal seam. The specific stratigraphic information is shown
in Figure 1.
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Lower Shihezi Formation
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Shanxi F ormation
1400 L I
| Coal Seam
1300 L ———
Taiyuan Formation
1200 e .
Middle Ordovician Series
1100 L
1000 L
900 L sandstone fissure water of Shanxi formation  sandstone fissure water of the Taiyuan formation

limestone karst water of Taiyuan formation COrdovician limestone aguifer
Figure 1. Comprehensive strata log diagram.

2.2. Water Source Data

When mining the No.2 or the No.5 coal seam, the mine water-filled aquifers are di-
vided into four categories based on the mine water-filling conditions and aquifer types:
I. sandstone fissure water of Shanxi formation (K3 and K4), II. limestone karst water of
the Taiyuan formation (L1 and L2), III. sandstone fissure water of the Taiyuan formation
(K1), IV. Ordovician limestone aquifer. Through quantitative monitoring of hydrochem-
ical information at different locations in the Fenyuan coal mine during the same period.
Using the concentrations of K*~Na*, Ca?, Mg2+, Cl~, SO42~, and HCO;~ as evaluation
variables, 100 water samples from four types of water sources were obtained. Among them,
including 15 samples of Class I water sources (sandstone fissure water of Shanxi formation)
and 40 samples of Class II water sources (karst water of Taiyuan formation). There are
24 samples of class III water sources (sandstone fissure water of the Taiyuan formation)
and 21 samples of class IV water sources (Ordovician limestone water). The specific ion
information of water source samples is shown in Table 1.

Table 1. Ion concentration of water source (mg/L).

Serial Number Category K*~Na* Ca?* Mg?* Cl- SO,4%~ HCO;~
1 I 199.29 128.84 89.15 420.21 202.23 510.72
2 I 180.55 95.66 63.53 64.79 231.63 419.27
3 I 410.37 99.02 70.98 78.65 910.68 349.76
4 I 91.04 99.75 59.33 66.15 228.90 408.79
5 I 299.78 95.97 68.36 22491 422.21 510.09

“

...” in Table 1 represents the remaining 95 sample data. Detailed sample data can be obtained by contacting the
corresponding author.

3. Methods and Examples
3.1. Single Water Source Identification

According to the monitoring values of hydrochemical information of four types of
water sources, in order to classify and predict these four types of water sources more
intuitively and efficiently, the paper adopts the decision tree C4.5 algorithm model to
automatically select the characteristics of hydrochemical information, and the information
gain rate is used as the decision tree model to select the root node and internal node branch
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attribute [34]. The specific model principles: the data set is N, and the data set is divided
into categories n. The number of sample data belonging to class i is c;, and the total number
of sample data in N is |N|, then the probability of a sample data belonging to class i is as
follows [35,36]: .

1

P(c;) = W 1)

The decision tree divides ¢ information entropy into:

™

H(N,¢) = H(N) = =) p(ci)log, p(ci) 2

i=1

If attribute a is selected for testing, m is the number of subsets split by attribute a, and
its conditional entropy is as follows:

m n

H(Nla) = -)_ p(a=aj) 1p(ci]a =aj) log, p(ci|a = a;) (3)

j=1 i=
Then the information content of attribute a is as follows:

I(N,a) = H(N) — H(N|a) (4)

p(cila= aj)logzp(ci|a =a;) (5

I(N,a) = —i p(ci)Togy p(ci) — ip(a —a)
L 2

n
i i=1

The information gain rate of attribute a is as follows:
I(N,a)
E(N,a) = H(N,a) (6)
According to the selection criteria, the E(N, 2) maximum attribute is selected as the
test attribute. Due to the existence of noise and outliers in the data, many branches are
abnormal when creating a decision tree, and the pruning method is often used to deal with
this overfitting data problem. Firstly, reasonable parameters of minleaf are set to optimize
the decision tree and analyze the impact of the minimum number of samples contained in
leaf nodes on the performance of decision trees. Then, leaf = logspace(1,2,10) is used to
produce ten points between ten and one hundred, the number of cross-validation times is ten.
As shown in Figure 2, when the minleaf is 13, the minimum cross-validation error is 0.040.
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Figure 2. Decision tree parameter optimization diagram.

As shown in Figure 3, the CV loss pruning command is used to prune the optimized
decision tree, and the important variables affecting the construction of the decision tree are
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Mg2+, Ca%*, and Cl—, whose parameter values are 0.68, 0.24, and 0.08, respectively. The
clustering results, which are shown in Figure 4, obtained the discrimination conditions of
a single water source with Mg?*, Ca?*, and Cl~ as important variables in the decision tree:
Mg?* < 39.585 mg/L, Cl~ < 516.338 mg/L, and Mg?* > 39.585 mg/L, Ca®* < 160.860 mg/L.
With the help of discriminating conditions, the type of water source can be accurately identified.

Mg?* 0.68

Cr 0.24

Ca®* 0.08

0.0 0.2 0.4 0.6 0.8 1.0

Figure 3. The importance of predictor variables.

Mg**<39.585

Yes
CI<516.338 Ca?*<160.860

Il v I Im

Figure 4. C4.5 decision tree construction.

The C4.5 algorithm decision tree is one hundred percent correct on 100 water samples
from the Fenyuan coal mine. Therefore, the decision tree classification method based on the
C4.5 algorithm has a good application effect in the identification of a single water source in
the Fenyuan coal mine.

3.2. Mixing Degree Quantification of Mine Water Sources

When mine water inrush occurs, the water inrush source often comes from the supply
of multiple aquifers. In order to clarify the source of water inrush and the key control
areas, formulating precise and efficient water control measures, the mixing degree of
water sources is one of the important scientific bases. With reference to the water output
characteristics of the Fenyuan coal mine, model calculations are conducted on the mixed
water sources.

3.2.1. Mixing Degree Quantification of Two Types of Water Sources

Take mixed water sources containing II and III as an example, with a total of 65 sets of
samples. The discriminant function equation is established based on factor analysis and
Fisher discriminant theory [37,38]. The calculation results show that the determination
coefficients of K*~Na* and Ca?" are less than 0.01, which is significant for the determi-
nation and classification of water sources. According to the calculation of Fisher’s linear
discriminant function coefficients (the original case classification accuracy rate is 100%), two
types of discriminant functions need to be established to explain most of the information of
water sources ion characteristics, and Fisher’s linear discriminant function is established
as follows:

F, = 0.085K* ~ Na* 4 0.259Ca** — 16.968 7)

F, = 0.176K* ~ Nat +1.306Ca*" — 169.968 (8)
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As shown in Figure 5, the water sources ion data are brought in the discriminant function to
solve the F; and F, of each sample, thereby obtaining the water sample discriminant clustering.

2500,
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Figure 5. Clustering effect of water sources.

(1) Reference line intersection method

As shown in Figure 6, selecting one point from II water source samples (40) and III
water source samples (24), respectively, and the line connecting the two points is used as
the reference line, the mapping position of the other water source sample points on the
reference line can be 100% included. Traversing 960 combinations by the loop algorithm to
determine point A (F, = 4.96, F, = —111.5) and B (F, = 65.82, F, = 205.35), where point A
represents 100% of II water source and decreases in the direction of point B successively and
the position of point B indicates that the content of II water source is 0. The characterization
direction of the content of the III water source is opposite to that of the II water source.

250
200

150
100

Figure 6. Reference line intersection method.

The new water source sample point is H, and its mapping point on the reference line
(A-B) is point O. Therefore, the mixing degree of II water source and III water source of
new sample point H calculated is as follows:

B
wy = % % 100% ©)
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A
wi = % x 100% (10)

(2) Minimum inscribed circle analytical method

The algorithm is used to obtain the smallest inscribed circle that can cover the II water
source sample point set and the III water source sample point set. The minimum inscribed
circle center Oy (19.39, —87.66) and the minimum gathering radius Ry are obtained for the
sample point set of II water sources, and the minimum inscribed circle center Oy (59.06,
166.57) and the minimum gathering radius Ry is 39.36, as shown in Figure 7. Taking the
new water source sample point H, points A and B are the minimum distance positions from
the two inscribed circles to point H, respectively. Then, the mixing degree of the II water
source and the III water source of new sample point H is calculated as follows:

AH = OyH — Ry (11)
BH = OmH — Ryt (12)
wy = (1 _ ‘g) % 100% (13)
wm = (1 _ 5111_31) x 100% (14)
o 1II 2
180 o I

= H ? Oy

120 / ..‘:B

III water source :

60 -
=)
89 .
= H

0r

CA
-60 9 11 water source

3 e
Oy

0 N 1 N N 1 N 1
-120 -60 0 60 120 180
Figure 7. Minimum inscribed circle analytical method.

(3) Minimum inscribed circle comprehensive method

After obtaining the feature range of two types of water source samples II and I1I, the
analysis method determined the center coordinates of the two minimum inscribed circles
Or1 and Oy, and took the new water source sample point H, whose mapping point on the
reference line of OOy is point M, as shown in Figure 8. Therefore, the mixing degree of
the II water source and the III water source of new sample point H is calculated as follows:

o — OmM
™ OnOm

x 100% (15)

11Om

wi = x 100% (16)
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Figure 8. Minimum inscribed circle comprehensive method.

Take a certain mixed water sample as a case study. The mixed water sample is
composed of II water sources and III water sources at the ratio of 62.00% and 38.00%
(Il water source: K*~Na*: 555.35, Ca?*: 7.56, Mg?*: 3.15, C1": 190.79, SO4* : 427.88,
HCO; ™ : 464.52; 11T water source: K*~Na*:267.23, Ca%*: 207.90, Mg2+: 82.01, C1~: 255.15,
SO427: 644.70, HCO; ~: 452.09; mixed water sample H: K*~Na*: 445.86, Ca2*: 83.69, Mg?*:
33.11, C1~: 215.24, SO42~: 510.27, HCO3~: 459.80; the unit is mg/L). According to the
method shown in Figure 6, wy = 46.33% and wyyp = 53.67% are obtained. The values
of F; and F, calculated from the discriminant function are 42.61 and 18.67, respectively.
According to Figure 7, wyy = 57.87% and wyy; = 42.13% are calculated by the minimum
inscribed circle analytical method. According to Figure 8, the coordinate position of point
M and wy; = 57.88% and wyy = 42.12% are calculated by the minimum inscribed circle
comprehensive method.

3.2.2. Mixing Degree Quantification of Three Types of Water Sources

Based on factor analysis and Fisher discriminant theory, the water samples are identi-
fied to show that the determination coefficients of K*~Na*, Ca?* and Mg?* are less than
0.01, which have significant significance for the determination and classification of water
sources, while C1—, SO42~, and HCO3 ™~ are eliminated. As shown in Table 2, the variance
contribution rate of the first type of discriminant function is 95.30%, indicating that this
function can explain most of the information on the ion characteristics of water samples.
The variance contribution rate of the second type of function is 4.70%, and it is tested by
the Wilk Lambda function (the significance of function 1 to function 2 is 0.000 < 0.01, and
the significance of function 2 is 0.000 < 0.01). The combination of two kinds of discriminant
functions can obtain all the information of water samples.

Table 2. Eigenvalues of three types of water sources.

Function Eigenvalues Variance Cumulative Percentage = Canonical Correlation
1 44.548 2 95.3 95.3 0.989
2 22132 4.7 100.0 0.830

7

a” in Table 2 represents the dependent variable.
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Based on the statistics of typical discriminant function coefficients, the discriminant
functions of the three types of water samples are obtained as follows:

F, = 0.005K" ~ Na™ +0.079Ca** — 0.015Mg>" — 8.370 (17)

F, = 0.004K™ ~ Na® —0.059Ca** + 0.147Mg*" — 2.751 (18)

As shown in Figure 9, according to the discriminant function, the water sample ion
data are brought in to solve the a and b values of each sample, and to obtain the discriminant
clustering of water samples.

8
= ]
6F ¢ 1T
A I ;
4 B ..l L]
K 21 " A“
[ L. . s .
0 w ° AA A&‘
_2 - ¢ A[f A‘A
_4 1 L 1 1

—8—6—4—202F468101214

Figure 9. Cluster diagram of three types of mixed water sources.

(1) Maximum coverage traversal method

The principle of the mixing degree of water sources is quantified by the maximum
coverage traversal method. As shown in Figure 10, a triangle is established with reference
water sample points A, B, and C as endpoints, in which three sample points A, B, and
C are successively selected from the I water source (15 samples), the II water source
(40 samples) and the III water source (24 samples). By using the loop algorithm to traverse
14400 combinations, it is determined that the triangle established by the three sample points
A, B, and C can maximize the coverage of the mixed water source sample points. When
point A is the 8# water sample, point B is the 2# water sample, and point C is the 18# water
sample, the triangle ABC covers a maximum of 68.35% (54) of the water sample points.

8

.1
o EI TR
4+ D ..
o 2r - M.
o 'A" . H ¢ _—
2B T F G g

_4 | PR R IR B |
8 -6 4 -2 0 2_4 6 8 10 12 14

Figure 10. Maximum coverage traversal method.

Assuming that the mixed water sample point H to be determined exists inside the
triangle, the mixing ratio of multiple water sources is determined according to the distance
between the two points in the figure. The specific mixing degree is calculated as follows:

_BE
" AB
CG

RB = ﬁ (20)

Ra (19)
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AM
Re = 22 21
C=c (21)
R
wp = — A % 100% (22)
L R
i=A
R
wi = — B % 100% (23)
L R
i=A
R
wm = — € x100% (24)
L R;
i=A

(2) Minimum inscribed circle clustering method

The principle of the mixing degree of water sources is quantified by the maximum
inscribed circle clustering method. As shown in Figure 11, using algorithm analysis to
obtain the minimum inscribed circle Oy containing I water sources, the area within this
circle can represent I water source type, with the center of the circle being O; (—0.451, 2.843),
and the radius Ry is 2.441. Similarly, it can be obtained that the center of the minimum
inscribed circle for II water source (40 samples) is Oy (—5.420, —0.322) and the radius
Ry is 1.449, the center of the minimum inscribed circle for III water source (25 samples)
is Opyr (9.196), 0.129), radius Ryy is 2.870. Taking the mixed water sample point H to be
determined, A, B, and C are the points on the three inscribed circles with the smallest
distance to point H. The specific mixing degree calculation expression is as follows:

L;=O;H —R; (i = 1,1I,1II) (25)
Ly
w = =% % 100% (k= 1,11, 1I) (26)
L
i=I
8
= ]
6r . i
4L + I "
. Oyt
o 2L - A AAA
| °'(.)61. B - ,,,,,,,,,,,,,,,,,,, A . QIII‘
O '.. e QH C AA M’A
21 © AthA‘A
-4 1 I I 1

Figure 11. Minimum inscribed circle clustering method.

(3) Minimum inscribed circle height ratio method

The principle of the mixing degree of water sources is quantified by the maximum
inscribed circle height ratio method. As shown in Figure 12, after obtaining the center of the
maximum inscribed circle representing the three types of water sources, the circle centers
are connected successively to obtain AO;Oy Oy, and the three heights are Hy, Hyy, and Hyyy,
respectively, and the distances from the mixed water sample point H to be determined to
the three sides are hy, hy; and hyy, respectively.
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Figure 12. Minimum inscribed circle height ratio method.
The specific mixture degree calculation expression is as follows:
7 Iy (i = 11L1I0) (27)
T Hl -
wp = 5 % 100% (k = 1,11, 111 (28)

11T

Yt
=1

Take a certain mixed water sample as a case study. The mixed water sample is com-
posed of I, II, and III water sources at the ratio of 15.00%, 35.00%, and 38.00% (I water sam-
ple: K*~Na*:312.48, Ca®*: 104.90, Mg?*: 72.14, C1~: 257.99, SO,42~: 468.93, HCO; ~: 471.56;
I water sample: K*~Na*: 277.73, Ca?*: 11.55, Mg?*: 7.04, Cl~: 84.74, SO4%>~: 18.59,
HCO3~: 610.16; I1I water sample: K*~Na*: 182.81, Ca?*: 250.01, Mg?*: 116.03, Cl1~: 269.01,
S0427: 719.99, HCO;~: 455.07; mixed water sample H: K*~Na*: 235.48, Ca?+: 144.78,
Mg?*: 71.29, C1~: 202.86, SO,>~: 436.84, HCO;3:511.82, the unit is mg/L), The values of
and calculated from the discriminant function are 3.176 and 0.129, respectively. According
to the method shown in Figure 10, the values of wy, wy, and wyyy are 17.39%, 41.27%, and
41.34%, respectively. According to Figure 11, the values of wy,wy, and wyyy calculated by the
maximum inscribed circle clustering method are 16.85%, 57.74%, and 25.41%. According to
Figure 12, the values of wy, wy, and wyyy calculated by the maximum inscribed circle height
ratio method are 8.41%, 39.19%, and 52.40%.

3.2.3. Mixing Degree Quantification of Four Types of Water Sources

Similarly, the discriminant function is established by performing the cluster analysis
on water samples through factor analysis and Fisher’s discriminant theory. The calculation
results show that the determination coefficients of K*~Na*, Ca?*, Cl~, and Mg2+ are less
than 0.01, which has important significance for the classification of water sources, while
SO4%~ and HCO; ™ are eliminated.

As shown in Table 3, the variance contribution rate of the first type of discriminant
function is 64.6%, the variance contribution rate of the second type of function is 26.9%,
and the variance contribution rate of the third type of function is 8.5%. The combination of
the three types of functions can obtain all the information of the water sample. Based on
the statistics of typical discriminant function coefficients, the discriminant functions of the
four types of water samples are obtained as follows:

F, = 0.032Ca®* + 0.042Mg*" — 0.002C1~ — 3.782 (29)

F, = 0.008K" ~ Na* +0.012Ca?* +0.002Mg*" + 0.003CI~ — 5.323 (30)
F. = 0.008K* ~ Na™ —0.054Ca*" +0.138Mg>* — 0.002CI~ — 3.388 (31)
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Table 3. Eigenvalues of four types of water sources.

Function Eigenvalues Variance Cumulative Percentage  Canonical Correlation
1 20.997 2 77.4 774 0.977
2 45232 16.7 94.1 0.905
3 15922 5.9 100.0 0.784

“a” in Table 3 represents the dependent variable.

As shown in Figure 13, the water sample ion data are brought into the discriminant
function to solve the a and b values of each sample, and the water sample discriminant
clustering is obtained.

Figure 13. Cluster diagram of four types of mixed water sources.

(1) Maximum coverage tetrahedron method

As shown in Figure 14, a tetrahedron is established with reference water sample points
A, B, C, and D as endpoints, and the four sample points A, B, C, and D are in the order
of I water sources (15), Il water sources (40), IIIl water sources (24), and IV water sources
(21). By using the loop algorithm to traverse 300,000 combinations, it is determined that
tetrahedrons established at four water sample points A, B, C, and D could cover the sample
points to the maximum extent. Tetrahedrons A-BCD covered the water sample points to a
maximum of 72.

Assuming that the mixed water sample point M to be determined exists inside the
tetrahedron, the heights of the four vertices passing through A, B, C, and D in the tetrahe-
dron are Hy, Hyy, Hyyp, and Hyy, respectively. The distances from the mixed water sample
point H to be determined to the four surfaces are hy, hyy, hy, and hyy, respectively. The
specific mixing degree is calculated as follows:

ho.
=L (i=A,B,C,D 32
wp = —A % 100% (33)
.ZA ri
i=
w = —B % 100% (34)
YT

i=A
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Figure 14. Maximum coverage tetrahedron method.

(2) Minimum inscribed sphere-centered tetrahedron method

The principle of the mixing degree of water sources is quantified by the minimum
inscribed sphere-centered tetrahedron method. As shown in Figure 15, algorithm analysis
is used to obtain the minimum inscribed sphere containing I water sources (15 samples),
and the region within the sphere can represent the type of Class I water sources, with
the sphere center being Oy (2.309,—1.998,2.461) and radius R being 2.735. Similarly, the
minimum inscribed sphere center of the II water source (40 samples) is Oy (—3.030, —1.463,
—0.064), and the radius Ryy is 1.932. The minimum inscribed sphere center of the III water
source (24 samples) is Opyy (6.934, 0.642, —0.024), and the radius Ryjy is 2.408. The minimum
inscribed sphere center of the IV water source (21 samples) is Oy (—2.885, 3.590, —1.026),
and the radius Ryy is 3.803. A tetrahedron is constructed with O;, Oy, Oy, and Oqy as
vertices. The specific mixing degree calculation is consistent with the maximum coverage
tetrahedron method.

Fc
o0 (_Ih S W
i /

Figure 15. Minimum inscribed sphere-centered tetrahedron method.
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(3) Minimum distance method

The principle of the mixing degree of water sources is quantified by the minimum
distance method. As shown in Figure 16, the mixed water sample point H to be determined
is connected to the sphere centers Oy, Oy, Oyy;, and Oyry, and the intersection points of each
connecting line and the sphere are points A, B, C, and D, respectively. The distance between
the mixed water sample point H and the four intersection points is the minimum distance
from H to each spherical surface.
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Figure 16. Minimum distance method.

The mixing degree is expressed by the proportion of each minimum distance. The
specific expression is as follows:

L; = O;H — R; (37)
L
W = W" x 100% (k = L 1L 1II, IV) (38)
YL

i=I

Take a certain mixed water sample as a case study. The mixed water sample is
composed of I, I, III, and IV water sources at the ratio of 9.00%, 36.00%, 34.00%, and 21.00%
(I: K*~Na*: 312.48, Ca?*: 104.90, Mg?*: 72.14, C1~: 257.99, SO,2~: 468.93, HCO;~: 471.56;
I: K*~Na*: 261.35, Ca®*: 20.79, Mg?*: 14.07, C1~: 72.24, SO4>~: 60.06, HCO;~: 576.77; I1I:
K*~Na*: 271.95, Ca?*: 212.73, Mg?*: 91.88, Cl~: 578.34, SO4%~: 267.02, HCO;: 739.94;
IV: K*~Na*: 766.65, Ca®*: 28.62, Mg?*: 10.91, C1~: 943.78, SO,2~: 107.87, HCO;~: 359.70;
mixed water sample H: K*~Na*: 375.67, Ca®*: 95.26, Mg?*: 45.08, C1~: 444.05, SO,>~: 177.26,
HCO;37: 577.19, the unit is mg/L). According to the calculation of the discriminant function,
Fi, Fp, and F; are 0.272, 0.248, and —0.193, respectively, According to the method shown
in Figure 14, the values of wywy,wy, and wyy calculated by the maximum coverage
tetrahedron method are 12.08%, 49.45%, 23.53%, and 14.94%. According to the method
shown in Figure 15, the values of wy, wy, wiyp, and wyy calculated by the minimum inscribed
sphere-centered tetrahedron method are 10.45%, 38.43%, 30.91, and 20.21%. According
to the method shown in Figure 16, the values of wy, wy, wyyp, and wyy calculated by the
minimum distance method are 15.76%, 21.76%, 51.91%, and 10.57%.

4. Discussion

In this paper, a decision tree classification model based on the C4.5 algorithm is used to
identify a single water source. This method is easy to use and explain and can visualize the
chemical characteristics of water sources and extract rules. It has a good application effect
in the identification and classification of 100 water sources in the Fenyuan coal mine. This
model is susceptible to sample data disturbance resulting in large changes in the performance
of the decision tree classification model. Therefore, with the increase in the water source
sample data, neural networks can be used to optimize the decision tree in later research,
building a single water source identification neural decision tree classification model.
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Using MSE, RMSE, and MAE as the evaluation indexes of the water source mixing
degree calculation model, the smaller the value, the more accurate the calculation results
and the stronger the applicability of the model. It can be seen from Figure 17a—c that when
calculating the mixing degree of two types of water sources, the relationship between the
MSE, RMSE, and MAE index values is as follows: minimum inscribed circle analytical
method > minimum inscribed circle comprehensive method > reference line intersection
method, that is, minimum inscribed circle analytical method can better meet the accuracy
requirements of two types of water sources mixing degree, and the model has good per-
formance and strong applicability. When calculating the mixing degree of three types of
water sources, the relationship between MSE, RMSE, and MAE index values is as follows:
minimum inscribed circle clustering method > maximum coverage traversal method > mini-
mum inscribed circle height ratio method, that is, minimum inscribed circle clustering method
can be better applied to calculate the mixing degree of three types of water sources. When
calculating the mixing degree of four types of water sources, the relationship between MSE,
RMSE, and MAE index values is as follows: minimum distance method > maximum coverage
tetrahedron method > minimum inscribed sphere-centered tetrahedron method, that is, the
minimum distance method has the highest calculation accuracy and the best performance.

MSE RMSE] MAE
MSE; RMSE] MAE _MSE “RMSE” M\‘AE(, 5.00% 20.00% + 4 18.00%
5009 20.00% 118.00¢ 15.00% F 0 +18.00% 15.00%
15.00% - 8.00%
< N\ 115.000 o 4 15.00%
1200% F = 16.00% + 1 15.00% 12.00% - 16400% 4+ N\ \ 15.00% 12.00% - 16.00% +
112.00% N 4 12.00% ] A {12.00%
9.00% + 12.00% + 9.00% 12.00% + AN 9.00% 12.00%
19.00% N\ 19.00% ! 49.00%
6.00 200 " 6.00 8.0 ) " 6.00 “ 8.00
6.00% - 007 5.00% - 8.00% -+ \ 6.00% - 8.00% —+
16.00% ’ ./ \\ 46.00% | 46.00%
3.00% - 9 3.00° 9 L4 3 o k- 0 g
3.00% . 4,00 T 1300% 3.00% 4607 - 00% 3.00% 0% + 13.00%
a
% | 0, 0, —— —_— — B
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© © ® ) ® [} )
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Figure 17. Mixing degree quantization model error: (a) mixing degree quantization model error
of two types of water sources; (b) mixing degree quantization model error of three types of water
sources; (c) mixing degree quantization model error of four types of water sources.

The mixing degree calculation model of water sources obtained from the comparison
has a stable structure and simple calculation process. However, the 100-sample data
used by the model are only obtained in different regions at a certain time point. In order
to better test the accuracy and applicability of the calculation model of water source
mixing degree, it is necessary to further increase the collection of hydrogeological data,
grasp the corresponding data at different time points in the region, and conduct long-
term observation of the dynamic hydrochemical information at the same outlet point. In
addition, the model construction is only based on conventional water chemistry indicators,
and elements (trace elements, isotopes, and temperature) in the water source are planned
to be introduced into the model in the later stage, improving the accuracy of the model.

5. Conclusions

This study built a decision tree classification model based on the C4.5 algorithm, and
obtained the intuitive discrimination conditions, realizing a single water source identifica-
tion. Various analysis models are used to calculate the mixing degree of different types of
water sources successively and propose an objective and accurate optimal mathematical
analysis. The specific conclusions are as follows:

(1) A decision tree classification model was constructed based on the C4.5 algorithm,
and the chemical characteristics of water sources were visualized and rules extracted.
After pruning optimization of the model, it was intuitively found that the important
variables affecting the construction of decision trees were Mg2+, Ca?*, and Cl—, whose
parameter values were 0.68, 0.24, and 0.08, respectively. According to the classifica-
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tion and discrimination conditions, Mg?* < 39.585 mg/L, Cl~ < 516.338 mg/L and
Mg?* > 39.585 mg/L, Ca?* < 160.860 mg/L.

(2) The study focuses on the quantitative calculation of conventional water chemistry
indicators of water sources, using factor analysis and Fisher’s discriminant theory to
eliminate redundant ion variables, and the discriminant function equations of two,
three, and four types of mixed water sources are obtained successively. Taking MSE,
RMSE, and MAE as the evaluation indexes, the optimal calculation methods of the
two, three, and four types of water sources obtained are the minimum inscribed circle
analytical method, minimum inscribed circle clustering method, and the minimum
distance method, respectively.

(8) The mathematical analysis method used for the identification and classification of a sin-
gle water source and the calculation of the mixing degree of two, three, and four types
of mixed water sources has the characteristics of a simple calculation process, high
efficiency, objective accuracy, and low cost. However, this study is based on only
a certain number of water samples, and more water samples should be collected
to improve the accuracy of the model. In addition, the model should consider the
effects of temperature, hydrogeological conditions, and human activities on aquifers
to further improve its applicability.
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