0o g
ST
o O

s
nE

koW ¥ 5Ok W A

Spectroscopy and Spectral Analysis

5l

3

RF-CARS 5 & LIF Stif F T8 i@ KBB4

T 9, AEAT, W &, RUE, EIBRE, R4k, KRR, X7

BRI TRF A SHEE TRY b 8 R 232001

BOE P HoEe U I K K IR X T B T K R RSO B ORI . R RO 5 0k
(LIE) e it il 0 RE 20 B 0E HEAT B I I /K K VR I AT 1 T 4% ek Al 2y ik R I i [ 4% R 2 . BT 2 0
TR T T PR AR s AR T K2 8P ) B0 3 L B AR o SIS o A R R S AN [ S 9 K K RE F) o
2, JUREHLAR AR (RF) 57366 155 P B 15 B AL (CARS) S ¥ M1 45 A 2 T HOETHE T 98 Y6 i K BE 5 % i Bk
38 22 N7 f5c /) 5[] JE (PLSRO 8 R SH T AN [ 3 K 19 % & . SEBUKAE 52 80Pl . B 5. SRR 300 4
VA 23 K O ZERIGR AR ) & B8 K BB KRR A R RAE B KRE SR 4 ¢ 1 LG BB S0 20 B A I 46 35
M&E, KOEASL 240 AT A7 MR, FU AR 3L 60 4 R T BUMA [l K AE . 85 200 75 3 98 0 T /K e 1%
A G 58 O TR B3R BOTF £ RSO E . A5 70 i S-G R A Lowess -8 B X RG22 606
PEHEAT J5 MR A B, T B Ak B B SO T B IR AR O 1 T O R . G A OGRS AT X EE T R 2 R O ik Y
Wi . Heff Lowess Ik A N i & LM T5 ¥ . B3R R RF 5035 29107 25 W )5 Jm 1 o 22 05 S04 A D 8 U 1
R B 1 B U A 28 ) 1 B G £ 240 T HR B 223 NIRRT T CARS B0k i R MERG 1T, AR 4% CARS Bk R
R A P 28 SO IE 4 7 AR R 25 (B A /N RO 16 3 1 B 77 AR AR DG RO i 52 PLSR BERY . s 5 il Mt
b7 G A% Uy i AN [ [ A RAR b . RE-CARS 895 8 MRS AT RCR S - A i al B, JR My 2 048 ik
B 77 A R RITF A RE ARG 0. 991 4 B E] 0. 996 7, T K Uy LR 22 RMSEP i 0. 029 4 38/ 5|
0.018 3, T K BT ER Tl . HARIAE IR R WA B F . LI 45 R R Y] . RF-CARS Z5 5 UG HE R 9001
AT PRE R VR SO A K . R AT ) O T TR O s Sy AR L Sl S AT I I K S I R T A B2
BET —E W BB AR R

% 1A
FESFES: 0657.3

WL S PR AR BEHLERAR: T8 Gk 0l I ARG B K
SCERERIRAD: A DOI: 10. 3964/j. issn. 1000-0593(2020)07-2170-06

ATEERAE R BT AR K S TR L A A AR B B

ROk

Vol 40,No. 7,pp2170-2175
July, 2020

T 7K 9 BN MR R R S WA A 4 Al B9 5
TRREN I KA B R U
I KK IR G 28 R A R T R 5 4 T K OK S A5 RO
RO Z G BT B BRI PRl R f T R SR
LTS o IR T I AR BOR A BT 1 J7 3k ERA T
WL TR L AL R AT L PO TR R, X Sy 1 BRI
Gy o DR AR i S (SR e o Vil N LTRSS 21187 B R R G
i BRAE R AT A AR AR M DAAR 415 L 3 75 A8 i 4R It

KB
E£mA:

2019-07-16, EITHHI: 2019-11-08

ERE &S W &% W H (2018YFC0604503) ,

TR TR BUAT IR K K IR O R R S BOL TR PO
(laser-induced fluorescence, LIF)#{ T & H: /K & W 7% 45 88,
4k A BB 2T RIGRE 3 2 36 T 0 KK W
B LA TR TR 09 2 RO 0 R R
iV TRV AN ok SN I ENY W = 20 0 1 & LBl
TTRELAEAL P, A K e SRR AT KR R 51, 3K 3] T
I o R % . Hu'™ 45 R OB B S 9O HR 45 & R
g R T 4R S M 4 Tk T B 3R B L
W I GEIROKHE  TEAN AT S A (W THAL B B R S 3T 98 7K K

E R IR S R E S0 H (2013BAK06B01) , [ 5% 48 4 A 7 1 K 3 BB A 5% 4 £ R B35 H (anhui-0001-2016AQ) »
B K H KR4 T H (51174258), ##M A ARF ¥ H L& HFHEHA

(1808085QE157) , % 4 Fh 4 & K L 35 H (201903Q07020013) ¥ Bh

EE®EM: T

LR RPN

e-mail: mrzhou8521@163. com

B, 1992 4R, LR TR TS F R TR A oA

e-mail: kbian92@163. com



57

S 5 B 2171

FE PO L RS AR . SR T H AT IX 28R T OGS Ot X
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Laser-induced fluorescence spectroscopy
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Fig. 1

system for water inflow
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Fig. 2 Original fluorescence spectra of water sample

12001
1000
8001
6001

4001

Fluorescence intensity/a.u,

2001 g ault

0+

-200 T T T T T T T
340400 500 600 700 800 900 1000

Wavelength/nm
1200

(b)
10001
8001
6001
4001

2001

Fluorescence intensity/a.u

01

200 T T T T T r T
340400 500 600 700 800 900 1000
Wavelength/nm

B3 FAEER R SIE
(a): SGHEFFEH; (b): Lowess ‘FiF
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(a): Savitzky-Golay smoothing; (b): Lowess smoothing

2.3 RF-CARS EHEE
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AR 53 ARLIESE  FIAH 60 2 CREAL 10 AREAD 15 S T
5o Se X ARG R WAl 25 M Oy 2 43 i) @ 57 PLSR LAY, T
F RE 23 506 HBEAT WU B PR 20 1 5 3 8 B BR B ntress
200, ML 1 Fi7R, & Lowess 3k 25 145 . A58 200 A Tt ) A%
Rfhf. HESVIRK AR RV R R ERE W s H
AAXT R AE » B VET Lowess i # 25 Wt 1 06 385 408 3 47 OF

5.
F1 TEERFEFMNER
Table 1 Prediction results of different denoising methods
KWk R? RSS RMSEP MAE W £ W kifE%
R 0.9901 0.0586 0.0314 0.0270 0.0158 0.0412
SG 0.9912 0.0527 0.0297 0.0247 0.0169 0.0410

Lowess 0.9914 0.0517 0.0294 0.0243 0.0178 0.0400

JB PR YR 249 16T ) JR P T 2 B 43 A I 0 W 4 FTAR . RT R
BHAE 2 048 ANJE P, KRF TR (S 1 662 4~) 1y % i
Ry Oy 2B 43 A1 A I U 5 A0 T % 1) O Y L IX (M) P, 2k )
P X5 KR B T 25 R BB AT AT R e 8 T R S0 B I A A
B AT LUK 2 b 853 R TR AL B BR T TR
MRS (55, (R EA T EE A, 3R T 386 4 m 1
SRR L 167 I i I
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Fig. 4 Distribution of attribute importance
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J R B TR A IR e (AT NG 32 A T s T AR E . U 29 TR
i 223 AOLTE R MR RF Bk i iR A A RIS

2y a7 J5 19 6 1 Bk O . A L IR E A B 4R
Tho D0 TIBBUREMEPEAY A 2R . & B — PR RO R 1, R
RF Bk 2 M Ja i 223 6785 8 MR AT CARS Bk #E 47T — ik
21 .

BEE S 4RI SRAE RO 200, JR PRSI SL AN 5 P
s 5 Ca) o 3 J PR i I AR Pt v R P Y S A

W 7 R R R S T 9 0 T AL O RS B e . B
o J 1 0 32 R R T O 0/, i BB 5 (b) AR I SR AR R
RMSECV {5 # {422 Al 8 $J2 SE /N 5 38 . 547 3l 7K 1t
DFFAG TG 5G9 22 061 15 B 75 RMSECV B /) i 72 H 3 43
B XTREPE 5Ce) o 2% b iE (AR T A B R AE 46 I, RM-
SECV ik #|f/ME 0. 021 1, A I # 6 F B AE 2 )5 1)
SRAE S AR T BT R TR AR T B AL A TN BB 07 . CARS B3k iR
LRI T 77 A G R

=2 RFEUHAFHLER
Table 2 Result of attribute reduction in RF

%ﬁ'{ fg R RSS %}‘ ﬁg R RSS
1 38 0.9938 0.0374| 9 196 0.9940 0.036 1
2 305 0.9939 0.037 2 10 190 0.993 8 0.037 2
3 271 0.9939 0.0367 11 187 0.993 9 0.036 6
4 251 0.9939 0.0366| 12 184 0.9938 0.037 1
5 231 0.9937 0.0380| 13 182 0.9938 0.037 2
6 223 0.994 1 0.0360 14 178 0.993 6 0.038 6
7 211 0.994 0 0.0370 15 175 0.9935 0.039 1
8 204 0.9938 0.0377| 16 172 0.9935 0.038 8
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Fig. 5 Attribute reduction results of CARS

2.4 PLSR =& IGF

Xt RE-CARS 55 1 005 @ i 19 77 4> S 3% J8 o i e 57
PLSR 5 B fig 4 T 3l A [6] & 3 i R K . IIE &R
U AL (3% T 25 SR 430 R ] 6 RNIEL 7 TR, T LU AR OE 4R
rh g A KON TA) & b LR SN (B S B S0 2 1) Y ) E R
RZ 9 0,997 5, F50 I 4 iy B0 A 5 B0 9 0 =2 ) i) 340 A R B
R}..H 0.996 7, #44F 0.8~1.0 Z[a], R IEM M, #
RUTI M RE DL 57 . EL U A A BE 8 AR 47 50 4005 7R [l 5 B
k.

T HAE RF-CARS F k%5 4+ PLSR A 8 F T 8" 38 /K
T AL RO S T R, w5 4 s 4y B PLSR
i1 (a1 B i B /> — 3 5 (interval partial least squares, iPLS)
B, R 1R 04 J8 M SR A PLSR. S ) & [1] 15 (support vector
regression, SVR) . F i 43 1l I3 (principle component regres-
sion, PCR) @4 Ty 1 HEAT 2 1] AR ] 42 T80 05 LE » Xof L 25 SR
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Fig. 6 Prediction results of calibration set
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Fig. 7 Prediction results of prediction set
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Table 3 Comparisons of predicted results

TN 3P KIE 4R o) 5
Tk E\gt RZ, RSS RMSEC MAE RZ. RSS RMSEP MAE
4 )& E-PLSR 2 048 0.993 0 0.166 6 0.026 4 0.021 3 0.991 4 0.0517 0.029 4 0.027 0
RF-PLSR 223 0.997 2 0.066 9 0.016 7 0.013 4 0.994 1 0.036 0 0.025 1 0.020 3
RF-CARS-PLSR 77 0.997 5 0. 060 1 0.015 8 0.012 7 0.996 7 0.019 9 0.018 3 0.013 5
4 J@ H-iPLS 172 0.994 3 0.135 3 0.023 8 0.018 7 0.991 3 0.052 6 0.029 7 0.024 7
RF-CARS-SVR 77 0.999 8 0.016 5 0.004 4 0.004 2 0.987 8 0.069 7 0.038 3 0.023 3
RF-CARS-PCR 77 0.992 1 0.187 0 0.028 0 0.022 4 0.994 0 0.036 9 0.025 3 0.021 3
F10.018 3, BRI 2EAR /)N, Al B 5 SVR A PCR &Y K&
34 iPLS J P 6 B J7 2 b, RE-CARS %332 1 J 6 6 f61 flg 1)

T — AT OGS B YOS 45 & REF-CARS J& 14
R SRS I NG (R S S 111 Wi B i [ [N S TR 1 T
Lowess V-1 T 4b ¥R RE A 2 PR AICME A 52 M0, 42 RF-CARS #% fif
JE W6 JE o a7 PLSR KL AL ) £ OF 4 H) 0 R 8 R K
0.997 5, WIMIAEHE RE RN 0.996 7, B M:EGES &+ 4
J& Pk ST 9 PLSR #%, RMSEC Hit RMSEP 43 %1 % 0. 015 8
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RF-CARS Combined with LIF Spectroscopy for Prediction and Assessment
of Mine Water Inflow

BIAN Kai, ZHOU Meng-ran® , HU Feng, LAl Wen-hao, YAN Peng-cheng, SONG Hong-ping, DAI Rong-ying, HU Tian-yu
College of Electrical and Information Engineering. Anhui University of Science and Technology, Huainan 232001, China

Abstract Quick and accurate identification of mine water inflow has important research significance for preventing coal mine
flood accidents, the laser-induced fluorescence (LIF) spectroscopyis used to integrate withthe intelligent classificationalgorithm
to identify the mine water inflow, it breaks the shortcomings of traditional water chemistry methods, such as long time consu-
ming, etc. , and has the characteristics of high sensitivity and fast response. However, these currently used algorithms can only
rely on the classification accuracy to qualitatively discriminate the types of water samples from different mine water inflow. This
paper combines the random forest algorithm with the competitive adaptive weighting algorithm (RF-CARS), the partial least
squares regression (PLSR) model based on fluorescencespectrum data from the laser-induced fluorescence was used to predict the
water inflow in different mines and to achieve quantitative assessment of water samples. Firstly, 300 sets of mine water inflow
samples mixed with different sandstone waters based on goaf water were collected, and the collected water samples were
randomly divided into the calibration set and the prediction setaccording to the ratio of 4 : 1, a total of 240 sets of calibration sets
were used to establish a regression model, a total of 60 sets of prediction sets were used to predict different water samples, and
a laser-induced fluorescence inflow spectroscopy system was built to complete the acquisition of spectral data and generated a
fluorescence spectrum. Then the original fluorescence spectrum was denoised by S-G convolution smoothing method and Lowess
smoothing method, and it was found that the processed fluorescence spectrum was more dispersed than the original spectrum,
which was suitable for spectral analysis, the prediction accuracy of two denoising methods were compared, the Lowess was
chosen as the final denoising method. Then, the RF algorithm was used to reduce the spectral attributes with low attribute
importance after denoising, according to the performance of the optimal regression model, the 223 reduced attributes were select-
ed and then it was used for the secondary attribute reduction of the CARS algorithm. The PLSR model was established based on
77 spectral attribute data selected according to the principle of minimum cross validation root mean square error in the sampling
process of CARS algorithm. Finally, we compared with the full spectrum, other variable selection methods, and different
regression models, the RF-CARS algorithm had the best streamlining effect, and the total spectral modeling attribute was
reduced from 2 048 to 77, the model prediction set determination coefficient R}, increased from 0. 991 4 to 0. 996 7, the predicted
root mean square error RMSEP decreased from 0. 029 4 to 0.018 3, the prediction accuracy was improved, and the remaining
evaluation indicators were relatively good. The experimental results show that the RF-CARS combined with laser induced fluo-
rescence technology can quickly and accurately predict mine water inflow, the simplified spectral attributes are used to establish

regression model, which provides a theoretical guarantee for real-time quantitative evaluation of mine water inflow.
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