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Research on on-ine monitoring system of coal moisture content under

dynamic application scenario
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Abstract: Sprinkling water according to the moisture content is an effective way to suppress dust during coal
transportation. However at present the moisture content monitoring system of materials in the belt conveyor cannot identify
the abnormal points caused by belt vibration. As a result the predictive model cannot meet the accuracy and range
requirements. Therefore a scheme of moisture content monitoring system in dynamic scenes based on machine learning is
proposed. SVM algorithm is used to identify the belt speed and transverse vibration the 3rd spline interpolation algorithm is
used to replace the height and microwave data of the outliers and then the XGBoost regression model is constructed to
predict the moisture content of coal. The results show that compared with the first generation linear model the detectable
range of coal moisture content is increased from 8. 1% ~ 12.3% to 8% ~27% the mean absolute error ( MAE) of the
model is reduced from 0. 86 to 0. 53 the mean square error ( MSE) is reduced from 0.93 to 0. 87 and the model fitting
degree ( R*) is increased from 0. 182 8 to 0. 973 5. In the actual monitoring of 75 trains and 14 kinds of coal the relative
error of the predicted value of moisture content is basically within +5%.

Key words: coal, moisture content; monitoring system; machine learning; SVM; XGBoost

© 2022 01 - 13; © 2022 -03 -24
(61735011) ; (19251703D)
(1997—) .
(1997—) .



2023

2

S

( Support Vector Machine

SVM)

73
SVM
XGBoost N
1
1 ° 1
5G N
X2 ;
SVM
DSpP
XGBoost
o 2 0
1— ;22— ; 3— ;4
;5 L6 T 8—
;99— ;10— ; 11—12°V ;
’ 12—DSP ; 13—NVIDIA Jetson NANO NX TX2
; 14—5G ;o 15—12 'V o
1
° Fig.1 System composition of the moisture content online
monitoring system
10 .
(1) 0
SVM
4
I, =1e™™ (1)



SVM

74 48 2
A W, I,
WV, « dB/m o
v 2 mm
fie =1 =y (W' X +) (4)
: inSS ; y °
Xi
g(x) =a; +b,(x -x,) +C£(x—xi)2+d,¢(x—
%)’ (5)
gl(x) ; a;~ bi\ Ci~ dl
2 4 ;=1 n-1(n
Fig.2 Workflow of the moisture content online )
monitoring system :
(2) °
o 8
’ 3. 3
’ 450 mm
s=85y—(cy +0.607T) t/2 (2)
LS mm; S, ’
mm; ¢, 0 C
m/s, T C; ¢ So
2.1
12
0 SVM 1— -
. SVM 3
Fig.3 Coal height and microwave data recording
1. SVM after pretreatment
w'X +b=0 (3)
w 4 o 4
;b . ¢ . .
o 0.52, 0.32, -0.32



2023 2

75
0.23 0.11
0.55 0.63 0. 37 o
(a) i (b)
4
Fig.4 Correlation analysis of variables before and after pretreatment
2.2 XGBoost
XGBoost o
@ N 4 NE)) N
el @
e One-Hot ( )
. N6
80% 20%
( extreme gradient boosting XGBoost) 1o ; @ XGBoost
o XGBoost 80%
S8 =T 0y BT ) +) + e (6) ° ( mean-square
S ((,,3 error MSE) 8
A R ACY) : g
Q(f) e ;) 3
t v Y 1 y X
[ pon o 3.1
XGBoost (6) XGBoost 65
5 o 5
9= S ) vasn) s b i) 4 e
() (7) 12.3% ; 81.5%
g =iy, 31'7") (8) +5% .
b=y, 30°0) (9)
s D g N ( mean absolute error MAE)
) ( R-squared R’) MSE

XGBoost 1



76

48 2

1—SVM + XGBoost; 2— 13— o
5 SVM + XGBoost
Fig. 5 Model prediction results of SVM and
XGBoost model
o 1 SVM  XGBoost
7
8. 1%~
12. 3% 8% ~27% MAE 0. 86
0.53 MSE 0.93 0.87 R* 0.1828
0.973 5 XGBoost
. MAE. B® MSE o
1 SVM + XGBoost
Table 1 Comparison of prediction results between linear

model and SVM + XGBoost model

/% MAE R MSE

8.1~12.3 0.8 0.1828 0.93

SVM + XGBoost 8.0~27.0 0.53 0.9735 0.87
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Fig. 6 Comparison of system monitoring value
and actual value
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Table 1 Error comparison of random sampling of

monitoring results

( ) 1%
%
1" 11.0 11. 200 1.8
2* 11.0 11. 580 5.2
3* 12.7 12. 160 4.2
4* 9.9 9. 656 2.4
5 9.4 9.762 3.8
6" 8.5 8.776 3.2
7* 9.0 9.154 1.7
8" 10. 6 10. 800 1.8
10* 13.1 13. 150 0.3
1 11.3 11. 090 1.8
12* 24.9 25. 560 2.6
13* 11.2 10. 650 4.9
14* 10.7 10. 710 0
4
(1) SVM
0.52. 0.32 0.63. 0.55.
(2)
8% ~ 27%

MAE 0.53 MSE 0.87 R* 0.9735.
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