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A Machine Learning Model for Predicting Silica
Concentrations through Time Series Analysis of Mining Data

Lee, Seung Hoon" * Yoon, Yeon Ah™ « Jung, Jin Hyeong™ + Sim, Hyun su™ - Chang, Tai-Woo"
- Kim, Yong Soo*'

"Department of Industrial and Management Engineering, Kyonggi University
“Department of Industrial and Management Engineering, Kyonggi University Graduate School

ABSTRACT

Purpose: The purpose of this study was to devise an accurate machine learning model for predicting silica
concentrations following the addition of impurities, through time series analysis of mining data.

Methods: The mining data were preprocessed and subjected to time series analysis using the machine learning
model. Through correlation analysis, valid variables were selected and meaningless variables were excluded.
To reflect changes over time, dependent variables at baseline were treated as independent variables at later
time points. The relationship between independent variables and the dependent variable after n point was
subjected to Pearson correlation analysis.

Results: The correlation (R2) was strongest after 3 hours, which was adopted as a dependent variable.
According to root mean square error (RMSE) data, the proposed method was superior to the other machine
learning methods. The XGboost algorithm showed the best predictive performance.

Conclusion: This study is important given the current lack of machine learning studies pertaining to the domes-
tic mining industry. In addition, using time series analysis in mining data will show further improvement. Before
establishing a predictive model for the proposed method, predictions should be made using data with time

series characteristics. After doing this work, it should also improve prediction accuracy in other domains.
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Input process output
| \ |

date x1 x2 X3 21 xX22 Y
20T mem 1698 |301953 44637 | e6.91 1.31

0 1:00
2:::;?037 552 15.08 3024 41 429382 66.91 131
2017-03-

10 1:00
29;?‘53' 55.2 16.28 |31i8.46 448911 | 66.91 131
2_95331:37 55.2 16.98 |3147.27 481052 | 66.91 1.31

Figure 1. Data Configuration
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Basic Statistical Analysis * Correlation Analysis

Data preprocessing 1

+ Select Y as the value of the dependent
variable after 3 hours
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+ Use Y values from 3 hours ago as

independent variables
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+ Multi Linear Regression

Modeling Using Predic!:ion model v Rendon Eiest
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Figure 2. Research Process
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Table 1. R? square and RMSE of Linear Regression with Significant Variable

Yi+3 Yir2 Y1 y
R? 0.2862 0.2803 0.2785 0.1662
RMSE 0.9735 0.9779 0.9802 1.0243
] =3 Al 7} ko] AW S 42l date, % Iron ConcentrateZ A AL A AE EAS 717 7]&
AIZE FERE, AR 28]aL 2203 329 SERG A3E Fleto] T 24709 WS ARSIl RdH ol }%“—?}
wAleyg 71He F 372 th58] 754 (Multiple linear regression), 19 ¥#|2~E(Random forest), XG -
E(XG boost)o|ty, HPXHAES} XG F2E 55 A] Dataiku data science studio(DSS)< AHE-31% o o535

24 84 Ao Python 3.7% AH8ste] 458 +a5gT

Input process output Input process output
date | X1 X2 X3 X21 | X22 Yt X1 X2 X3 | X21 | Yt | Y1 | Yi+2 | Yi+3
201703 o | 4 . . o || e ey
101:00 5.2 16.98 44637 |523.344 Y1 552 16.98 [3316.754 523344 M Y2 Y3 Y4
2017-03-| - . - - . .\ . I ; .
10200 552 16.98 489382 | 6706 Y2 552 16.98 [3687.332 488075| Y2 Y3 4 Y5
2017-03- 3 i o i 1407 158.567
10.2:00 55.2 1698 432906 | 66.97 Y3 552 16.98 14407 85 458.567 Y3 ¥4 Y5 Y6
03
2017-05- ¢ 1 saie3 | 6 s 5 7070 437
10.4:00 55.2 16.98 408.193 | 6675 ¥4 552 6.98 | 4707.07 427669 Y4 Y3 Y6 Y7

Figure 3. Proposed Method
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% Silica Concentrate” F&¥H g ol w2 A do] Hol|x|

A8ttt =3k “% Iron Concentrate” =gHTE= «
Fetha dokste] AYaoitt U A] g8 2709 T2 A2 o8 3 “% Iron Concentrate” S A &3 1970

=)
g EIW 20709 Q¢ G ASEE G JBEA e Figure 4.5 2k

A gk lo|EHE o] &3te] A7 F9] e FEHHUFE AASA 21709 A JdE MEEY 7EATHY), 1
AIZE F(Y+ D), 227F S(Y+2)5 E¢35t9] F 24719 5| 235ttt 71&E WHE Kwame O, E.(2019)¢]
A o]
p s PN

WHE 2e]al 2 ol A AAE W E 3714 ol el RMSE%k o} e H|al A= Table 2.9F 2t

Table 2. Result of Modeling

Proposed method Kwame O, E.'s result Raw data result
Multiple Linear Regression 0.7049 1.0315 0.8382
Random Forest 0.6906 0.9081 0.9363
XGBoost 0.6873 - 1.0070

(Conventional Unit: RMSE)
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