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Abstract

Under the influence of mining disturbances and geological fault structures, the hydrochemical signa-
tures of water inrush sources in deep coal mines often exhibit complex nonlinear mixing and over-
lapping characteristics. Consequently, traditional single-model approaches frequently suffer from lim-
ited identification accuracy. Taking the Qinan Coal Mine in Anhui Province as a case study, this paper
proposes a stacking ensemble learning model for water source identification, integrating Quadratic
Discriminant Analysis (QDA), Random Forest (RF), and Multilayer Perceptron (MLP). First, the hydro-
chemical evolution mechanisms of the primary aquifers were systematically analyzed. Subsequently,
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the Synthetic Minority Over-sampling Technique (SMOTE) was applied to address dataset imbal-
ance, and high-order features—specifically hydrochemical ion ratios, were introduced to enhance
discriminative capability. A two-layer heterogeneous fusion model was then constructed, with base
learner parameters optimized via five-fold cross-validation. Experimental results demonstrate that
the proposed ensemble model achieved an accuracy of 95.83% and an F1-score of 0.96 on an inde-
pendent test set. This performance significantly outperforms the best single base model (RF, 92.7%).
The study confirms that the proposed method effectively mitigates overfitting risks associated with
small sample sizes and exhibits strong robustness in identifying complex, mixed water sources.
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Figure 1. Schematic diagram of aquifers and aquicludes in the study area
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Figure 2. Schematic structure of Random Forest (RF) model
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Figure 3. Topology schematic of Multilayer Perceptron (MLP)
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Figure 4. Training flowchart of the ensemble model based on QDA-RF-MLP
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Table 1. Statistical characteristics of hydrochemical parameters of groundwater samples

1 W HEAKBKEKRUESRGIHHER

EH A pH Na*+K* Ca? Mg* cr soZ HCO; coy
7.3~8.06 46.44~31459 0.00~78.16 26.34~69.41 0.00~227.44 10.70~309.52 32.10~645.18 0.00~457.89
—&K 5
7.63 144.83 51.41 42.85 69.62 107.11 392.92 91.58
7.48~8.36 189.82~344.63 0.00~143.81 9.72~102.90 0.00~203.25 75.73~740.06 289.01~507.44 0.00~359.77
=&HK b
7.97 264.27 72.79 58.78 113.27 388.29 410.09 74.81
5.83~13.32 0.25~977.91 0.00~210.95 3.68~144.24 0.00~887.23 19.76~2266.68 0.00~602.29  0.00~292.90
Pg&sK - 57
8.31 355.34 73.41 58.77 131.91 689.15 323.38 20.79
7.3~10.78 3.10~860.78 0.00~104.20 0.24~69.45 0.00~623.55 0.41~947.50  1.60~1554.30 0.00~1553.00
K 60
8.47 430.4 16.44 10.62 116.8 180.35 500.74 239.19
7.01~8.63 28.02~483.25 3.96~251.23 0.00~175.32 0.00~262.29  4.13~693.55 130.49~793.82 0.00~466.19
KKK 54
7.51 238.68 138.24 71.37 178.89 411.65 4713 84.27
7.11~7.97 64.58~432.95 17.17~238.10 6.45~156.41 108.68~279.58 218.56~645.39 333.67~476.61  0.00~0.00
BWHK 7
7.35 214.49 144.72 75.17 206.05 507.88 384.23 0
7.46~9.54 417.27~983.04 0.59~17.40 0.99~13.43 92.64~368.53 2.47~563.89 599.88~1698.55 0.00~176.77
K 14

8.49 583.32 7.71 4.06 147.82 105.84 1087.74 58.16

Nt — B SRR KA 2 22 R BRI RE 0, AR pH B M 7 TR IR 8 TR AARFE 1 FE il
b, AWM T 24 WATAERFE, FERT4r P02k

(1) HEEETFIE: ORI 5 E - ) Cat M2t L, FRRKMEIL BRI CIH/SOL% EE .

(2) Zoi YRR 5T Ca2t. Mg?. Na'+K HIFHE 7 H 2 E, LUK Cl. SO . HCOs ()
BB+ E 50 b, FH DORSHfA &AL Piper [ 7 i) A A5 B

(3) HEE LIRS ORE T R ES TR MR IBREA, DU BTSSR B bR 2%
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Figure 5. Piper trilinear diagram of groundwater samples in the study area
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Table 2. Optimal parameter settings for base models

2 BERAZMSHRER

AR KESH SHUH VY
QDA reg_param 0.1 (EMMEZH, T Mo NREA B T5 ZEFE R A TH AR E 1))
n_estimators 150 (AW EE)
RF max_depth 8 (WIS, Bilbid i)
criterion Gini (%Je £ %)
hidden_layer_sizes (100, 50, 25) (= JZBHZ &5 44)
MLP activation ReLU (I B0

solver

Adam (ffb#s, ¥I4a%%>I2 0.001)

1 1
0.958

0.95 0.95

09 + 0.9
£ 085 085
& s

08 + 038

0.75 0.75

0.7 0.7

QDA RF MLP Rt AR

Figure 6. Comparison of accuracy and F1 score of different models on test set
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F1 34008 0.96. H5RIEIFIE M RF ML, HEFRIET T 3.13%; 5 MLP 1 QDA Lk, #=7HiE
EHRRE . X455 K, Stacking HRI& A LS A T QDA MR Sit Rt RF B4R /1 MLP
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Figure 7. SHAP summary plot for global feature importance ranking
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Figure 8. Confusion matrix and ROC curve of the fusion model
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