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Abstract
Discriminating the source of water inrush accurately and efficiently is necessary for water control in the coal mining industry. 
We combined the Fisher feature extraction and support vector machine (SVM) methods and applied this new model to the 
Wuhai mining area. The method extracts features from the raw data and integrated SVM, and synthetically considers the 
influence of geographical factors. Cross-analysis was tested 100 times, which arbitrarily selected 12 samples for the prediction 
and discrimination process. The results indicate that this new combined model of linear dimension reduction and non-linear 
dimension elevation was more accurate and efficient in discriminating water inrush sources than the traditional SVM model. 
Moreover, by reducing the penalty term of SVM model, we analyzed the correlation among the aquifers. We concluded 
that aquifers II and IV correlated strongly with each other, and that aquifer III was poorly connected with the other aquifers.
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Introduction

Various machine learning methods have been widely used 
to identify the source of water of inrush events (Yin et al. 
2017). The Fisher linear discriminant (FLD) is an algorithm 
that projects high-dimensional samples into optimal dis-
criminant vector space, extracts classification information 
from the data, and reduces the dimension of feature space. 
In contrast, support vector machine (SVM) models, can 
solve practical problems such as small sample, nonlinear, 
and high-dimensional pattern recognition, by projecting low-
dimensional data to high-dimensional data. Huang and Wang 
(2018) modified the FLD method to identify a groundwater 

source. (Chen et al. 2009) used SVM to perform practical 
work on water inrush sources. However, abnormal values 
are likely to be incorrectly identified by FLD, while SVM is 
sensitive to missing values, as parameters are hard to adjust. 
Combining the advantages of the FLD and SVM methods 
provides a new discriminant method that extracts the fea-
tures as a vector and constructs the SVM model with the 
combined Fisher features and original data to investigate the 
water inrush source.

The Wuhai coal mine is located in the arid to semi-arid 
area of Inner Mongolia (Fig. 1), which has a mean annual 
precipitation of only 155 mm/year. The geological condi-
tions are complicated, and the coal seams are generally shal-
lowly buried. Many coal seams are repeatedly mined, and 
water, fire, and gas disasters happen frequently. Many water 
inrush accidents have happened in the Wuhai Mine, such 
as the “3.1 (the data of the accident)” water inrush accident 
that occurred in the Camel Mountain mine. 67,000 m3 of 
roadway was inundated in 70 min and the peak water inrush 
volume reached 60,036 m3/h (Wei 2013).

Thus, it is particularly important to effectively and accu-
rately discriminate water sources. The objective of this 
research was to identify the water inrush source by combin-
ing the FFE and SVM method. The method extracted the 
features from the original data and integrated SVM by Fisher 
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features and original data, and also synthetically considered 
the influence of geographical factors.

Methods and Materials

Data Acquisition

According to the hydrogeological condition, the main aqui-
fers of the Wuhai mine can be divided into three categories 
based on their lithology, thickness, water features, and burial 
conditions. The uppermost is the roof sandstone aquifer that 
consists of variegated medium-grained sandstone, sandy 
mudstone, and mudstone. The second is the floor sandstone 
aquifer, composed of gray-white sandstone and dark gray 
sandy mudstone. The lowest is the Ordovician limestone 
aquifer, composed of dark cyan limestone, which is the 
main aquifer in the segment. In addition, goaf water is a 
very important factor due to the accumulation of water in 
the old working faces. Thus, the Wuhai mining area contains 
four main water-filling sources: the floor sandstone aquifer 

(I), the roof sandstone aquifer (II), the Ordovician limestone 
aquifer (III), and the goaf water (IV).

Water samples were extracted from the mining district, 
including 8 groups from type I, 20 groups from type II, 21 
groups from type III, and 7 groups from type IV. Supple-
mental Table 1 shows the results of the water sample analy-
sis. These samples were extracted from the original files.

Methods

Fisher Linear Discriminant (FLD)

FLD is an algorithm for projecting high-dimensional sam-
ples into the optimal discriminant vector space, extracting 
the classification information and compressing the dimen-
sion of a feature space. After projection, the sample has the 
largest inter-class distance and the smallest intra-class dis-
tance in the new space (Huang and Wang 2018; Ren and 
Chang 2005; Shan et al. 2002).

For the data set, X , where xj is the sample in X , and Xi is 
t h e  c l a s s  i n  X  ,  t h e  c l a s s  m e a n  ve c t o r : 

Fig. 1   Location of the study area
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class divergence matrix and ω is the optimal projection 
direction vector.

Support (SVM)

SVM is a machine-learning algorithm with supervised learn-
ing that can be used to maximize the learning strategy inter-
val in a feature space. The model is a two-class classification 
model that can be transformed into a convex quadratic pro-
gramming problem. SVM handles linear non-separable prob-
lems by converting them into high-dimensional ones based 
on linear mapping, which makes it linearly separable (Zhang 
et al. 2006). Suppose the data set T =

{(

xn, yn
)}m

n=1
 , labeled 

by the vector yn ∈ {+1,−1} . The SVM separates the training 
vectors in a � mapped space, with an error cost, C > 0 , such 
that: min
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Using a Lagrange multiplier, this can be viewed as a 
Lagrangian dual problem:
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 . By 

defining the kernel function, the matrix is symmetric and 
positively semi-definite. After the kernel function is solved, 
ω =
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 , so the decision function for any test vec-
tor x is:

where αi is calculated using the search media optimization 
(SMO) method and b is calculated through the primal–dual 
relationship.
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Fisher Reconstruction Feature Matrix and SVM

A large amount of interference information is difficult to 
exclude by observation because the aquifers are linked to 
each other. Thus, it is difficult to divide the data using a sin-
gle Fisher linear discriminant and the SVM machine learning 
algorithm; the data needs to be characterized to define the inte-
gral feature(s) (Kwak 2008; Huang et al. 2011).

First, the diagrams are processed by the Fisher princi-
ple to extract the characteristics of the diagrams and the 
overall data features of each sample are compressed into a 
value, Fi = ωixi + bi . Then the Fisher linear discriminant 
values ( Fi ) are used to reconstruct the feature matrix as 
Xi =

{

xi, Fi
}m

i=1
 (Lee et al. 2008).

In addition, according to the Tobler’s first law of geogra-
phy, all things are related in space and nearby things are more 
related than distant ones (Tobler 1970). That means that the 
hydrochemical characteristics are affected by their geographi-
cal location (Dong et al. 2000; Hu et al. 2010). Thus, in this 
paper, the geographical location was considered to be a key 
factor in establishing the feature matrix. Finally, we built 
four classifiers with SVM, and used the reconstructed feature 
matrix to train the classifiers.

Evaluation Model

The performance of the classifier was evaluated by the metrics 
of the F1-score. The F1-score is the harmonic mean of the 
precision (P) and recall (R), which are defined by the following 
two equations (Santhi and Bhaskaran 2014):

where: P is the percentage of positive predictions that are 
correct; R is the percentage of positive labeled instances that 
were predicted as positive; tp stands for the true positive of 
the particular instance; fp stands for the false positive of the 
particular instance; and fn is the false negative of the par-
ticular instance. We can express the value of the F1-score as 
the following formula:

(5)R =
tp

tp + fn

(6)P =
tp

tp + fp

(7)F1 =
2RP

R + P
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Fig. 2   The thermodynamic chart analysis. a hydrogeological information around the Qipanjing mine and b water sampling points
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Results and Discussions

Screening of Typical Water Samples

According to the survey report, we ranked the data in coor-
dinates from the northeast to the southwest, and marked 

the point information on the map (Fig. 2). This showed 
that the salinity tends to increase in the direction of water 
flow. We observed that seven main factors covered about 
80% of the raw data information and could effectively rep-
resent the data information of the original samples.

Fig. 3   The Piper trilinear diagram analysis



860	 Mine Water and the Environment (2019) 38:855–862

1 3

Figure 3 shows that the ion content was relatively sta-
ble, except for the floor sandstone aquifer in which the 
variation ranges of both Ca2+ and HCO3

− + CO3
2− were 

small. The Na++K+ and Cl− levels were high in all aqui-
fers. The water types of the aquifers were Na–Cl–SO4 and 

Na–Ca–Cl–SO4. Sample numbers 13, 14, 41, 47, and 51 
were far from other samples and were thus excluded. Back 
to the original data, the pH of water samples 2 and 34 were 
much greater than the others, and the concentrations of 
other diagnostic ions varied within the aquifers.

Fig. 4   The IDW diagram of the icon in each aquifer

Fig. 5   a A box diagram of performance and accuracy, b performance of algorithms, and c prediction accuracy
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In addition, the same icons in each aquifer were com-
pared by inverse distance weighting (IDW) diagrams 
(Fig. 4). The groundwater not only flowed from the north-
east to the southwest, but also from the north to the south 
due to the complex terrain; this agrees with a former study 
(Jiang 2015). Based on the hydrochemical characteris-
tics (Wang et al. 2016), the FFE and SVM method were 
used to rapidly identify the water inrush sources in this 
study.

Performance Analysis

To verify the accuracy of the established FFE and SVM 
water source recognition model, 80% groups of training 
samples were randomly selected for cross-analysis 100 
times. Figure 5 shows the performance and accuracy of 
the SVM and the combined FFE and SVM classification 
techniques. The results show that the combined FFE and 
SVM algorithm performed better and was more balanced.

After calibration of the model, the result showed a 
100% fit. Reducing the penalty term to 0.7, we found the 
model misidentified sample 54 (goaf water) as being from 
the floor sandstone aquifer. When the punishment term 
was set at 0.5, all samples in Aquifer IV were misidentified 
as Aquifer II, and when the punishment term was reduced 
to 0.45, samples 26 and 24 (Aquifer II) were regarded as 
Aquifer II. This suggests that goaf water and Aquifer II 
are well connected and that small joint surfaces or cracks 
near where samples 26 and 24 were collected connected 
Aquifers I and II. Aquifer III, which had little surrounding 
fracture development, was not misidentified.

The above analysis indicated that the established model 
was successfully applied in this study. The water inrush 
source was identified based on both parameter optimiza-
tion and finite data. It was affected by data randomness 
and accuracy. Thus, the hydrogeological conditions and 
underground hydrochemical characteristics of the aquifers 
must be sufficiently understood to apply the model to a 
single mine.

Conclusions

In this paper, a combined FFE and SVM method was pro-
posed to identify a water inrush source, after giving due 
consideration to the influence of geographical factors. 
The approach outperformed the original and SVM model. 
Compared to the original SVM, it adds an axis direction 
to the total sample matrix, which can increase the accu-
racy and improve the model’s generalization. Performing 
cross-analysis 100 times with 12 random samples as test 

data showed that the combined method was 12.1% more 
accurate than SVM alone.

By combining ion concentrations and hydrodynamics 
with geographic coordinates, we were able to analyze the 
direction of groundwater runoff and get the general loca-
tion of groundwater recharge and discharge areas. This 
work also demonstrated that geographic location plays an 
important role in water inrush sources.

At this site, the sandstone aquifer and goaf water may 
be connected by some fractures. Also, there are many 
cracks between the roof sandstone and floor sandstone 
aquifers near samples 26 and 24, and some fractures exist 
in the rocks surrounding aquifer III. A better underground 
hydrochemical database is needed for future research.
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