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Schematic diagram of laser induced

fluorescence experiments
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Table 1 Initial clustering centers of MFO-SC model
4 1 Heg 2 4 3 U 4 A5
WEBERFLL —0.0087 0.1131  0.4855  0.8501  0.169 3
WHEEEFL 2 —0.090 2—0.600 6 —0.574 7  0.3231  0.4321
WEELPL 3 0.6614 0.4857 —0.2926  0.0179  0.447 4
WHEETL 4 —0.5848 0.5069 —0.1390 —0.1007  0.5255
MR EFLS  0.1354—0.3719  0.5787 —0.3972  0.586 8
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Fig. 4 Change diagram of accuracy of MFO-SC model

without fixed initial clustering center
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Table 2 Performance comparison of K-Means model

and MFO-SC model

PUNBEL PR/ 0 IREMERR/ 0 WERERD 2
K-Means 79. 57 99.75 0.028 1
MFO-SC 100 100 0

2.3.2 MFO-SC 7438 3] 85 A 55 W B 52 5 M 3 A A A ) vb
E XTSI KRR ST T T b 3 T B 2 ) A B K RE L
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Table 3 Classification of experimental

water sample data sets

KBS WIZREE (240) 3 4 (160)
RA K 1(75) 45 30
R4 7K 2(80) 48 32
A 7K 3(80) 48 32

#4357k (30) 18 12
WK (135) 81 54

Jefd Fl MATLAB ##F 9 libsvm T 46 #2372 SVM 7k ke
WA, SVM (187 RN R B S 8L ¢ 0 A B
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Ju [ 0. 01, 5071, ¢ BB E & AL0.01, 507, F3 =
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FLALFN MEFO-SVM 7K B PR 51 B R X6F 52 36 7K B 1) 2¢ 56 6 % ik
AT T A TR (1 I £ 2R o o A A0 00 3 A v A A< A 5k 4 BT
R o

%k 4 SVM #EFN MFO-SVM £ B ) 14 8¢ bb 5%
Table 4 Performance comparison of SVM model
and MFO-SVM model

P R SVM MFO-SVM
¢ 1 0.374 2
g 1/2 048 0.01
DIl 2 4 v 1 R 80% 100%
5% 4 o o 80% 95.625%

N 4 FATTT LLE B SVM oK BE R BB Y X 52 36 7k
B 561 HEAT RN, DR EE R MERIZR y 80 %, INLREER)
AL SR AR UL A R 1) S Bk B AN 5 2. SVM /KRR TR 0
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TG i 42 S 5 KRR 43 B S5 b SE B K RE AL B 2 28R,
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MFO-SVM 7K # R R 7Y 5% 552 35 7K B 1) 2¢O 06 33 #E 47 11 531
W il MEFO X 2800 AT 300, 615 U1 25 48 09 o o 3205 3]
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SIBEALFD MFO-SVM 7K B3R J 888 B 78 X AN 34 5 43 20 1 52 0
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Fig. 5 Classification results of SVM model test set
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Fig. 6 Comparison chart of average accuracy of four models
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R S T 1 1 4 o il R T SVML K R SR 0 A Y T A K AR
3 1 SVM K FE R I R0 - 4 Uk 5 R 2 = T MFO-SVM K
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Application of Spectral Clustering and LIF in Recognition of Mine Water
Inrush Source Types

ZHOU Meng-ran, SONG Hong-ping” , HU Feng, LAI Wen-hao, WANG Jin-guo

College of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232001, China

Abstract Water inrush accidents threaten the lives of people and cause property damage. Therefore, it has great significance in
accurately detecting the type of water inrush. Hydrochemical analysis method takes a long time and has a complicated process to
detect the type of water inrush. Laser-induced fluorescence (LIF) technique has the advantages of fastness, high sensitivity, and
low interference. Water inrush source recognition model building with LIF technique and intelligent algorithms can accurately
detect the type of water inrush. At present. such models generally require de-noising. dimension reduction. and band selection
on the fluorescence spectra, and this process is complicated. The models are built on the fluorescence spectra of the water inrush
source which is evenly grouped. The influence of the uneven grouping on the model is not discussed, and the model is not built
for the uneven grouping. In practical engineering applications, the number of samples collected is highly likely to be uneven, so
Moth-flame optimization (MFQO) algorithm combined with spectral clustering (SC) is proposed to realize the uneven grouping of
water inrush fluorescence spectrain this paper. In the experiment, firstly, five kinds of experimental water samples were
obtained from Huainan coal mine. Laser-induced fluorescence experimental equipment was used to collect fluorescence spectra of
all water samples. The number of groups of five water samples is 75, 80, 80, 30 and 135. Secondly, build MFO-SC water
sample recognition model. After comparison, K-Means is selected for the label mapping method, the Gaussian kernel function is
selected for the calculation method of the similarity matrix, and the ncut is selected for the partition criterion. The parameters of
the Gaussian kernel function were optimized by using MFO to obtain the parameter value of 1. 745, and the initial clustering
center of the model was fixed. Subsequently, build three water sample recognition models of K-Means, SVM and MFO-SVM,
respectively. Comparing the MFO-SC model with the K-Means model, the optimal accuracy of the MFO-SC model is 100% , and
the average accuracy is 100%. The optimal accuracy of the K-Means model is 99. 75% , and the average accuracy is 79. 57 %.
Then calculate the training set accuracy and test set accuracy of the SVM model and MFO-SVM model respectively. The
accuracy of the training set of the SVM model is 80% , and the accuracy of the test set is 80% ; the accuracy of the training set
of the MFO-SVM model is 100% , and the accuracy of the test set is 95. 625%. Finally, four models were used to identify water
inrush fluorescence spectra of the other three uneven groups. The research results show that the MFO-SC algorithm is effective
in identifying the type of water inrush, and can accurately detect the type of water inrush, which has great significance on the

safety of coal mine production.
Keywords Laser induced fluorescence; Mine water inrush source; Spectral clustering; MFO
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