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Research on fault prediction of working face equipment based on time series data

ZHENG Lei
(CHN Energy Information Technology Co., Ltd., Beijing 100011, China)

Abstract: Coal mine working face equipment are usually consists of several complex system modules
that have strong coupling among each other. Moreover, the equipment fault mechanism is complex.
Therefore, when the equipment fault prediction is carried out, it is necessary to conduct real-time
monitoring of equipment operation status, environmental data and operation data so as to obtain time series
data of electrical, mechanical, thermal and other parameters. A method for fault prediction of working face
equipment based on time series data is proposed. Firstly, the time series alignment algorithm is used to
align the collected equipment monitoring data. The time columns of monitoring data are reordered, and the
time columns are the key values. Each monitoring data is filled in as the label value, and the previous value
is filled in the vacant value. Secondly, the fault-related factors are selected according to the fault
characterization phenomenon and the occurrence mechanism. And the correlation between the relevant
factors is calculated by Pearson correlation coefficient analysis method, thereby determining the fault

prediction factor set. Finally, the long short-term memory (LSTM) network is used to establish a fault
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prediction model for working face equipment. The normalized set of fault prediction factor set is used as
the input and the fault is used as the output of the LSTM prediction model. The delay time period is
introduced into the LSTM prediction model to realize advanced prediction of delay faults. The test is
carried out by taking the shearer overheating trip fault as an example. Through analysis, it is found that
traction

drum current, drum start and stop,

When the number of LSTM network

the fault prediction factor set is {drum temperature,
temperature, transformer temperature, rocker arm temperature; .
cell layers is 10, the number of hidden cells is 10, the learning rate is 0.001, the number of iterations is
1 500, and the number of samples read per time is 120, the delay time of shearer overheating trip fault is
30 min. When the test set is used for fault prediction, the advanced prediction time is 26 min , which is 4

min shorter than the delay time, indicating that the LSTM network can effectively achieve advanced fault

prediction of working face equipment based on time series data.

Key words: working face equipment; fault prediction; delay time fault; time series data; time series

alignment; correlation coefficient analysis; long short-term memory network
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Table 1 Part time series data of shearer

i [ Tl AR HL 3/ A ] W PR IR/ °C i ] B/ (dm s D) i [ A AR/ °C
18.05:12 27.284 040 45 18.05:07 23.289 299 01 18:05:19 7.302 922 058 18.05:44 77.967 796 33
18:05:16 27.031 410 22 18:05:17 24.329 732 89 18:05:26 14.605 844 120 18:05:59 77.772 384 64
18:05:19 26.526 149 75 18:05:19 23.289 299 01 18.05:38 0 18:06:02 78.358 612 06
18:05:29 27.031 410 22 18.05:22 22.248 924 26 18:06:29 14.937 794 490 18.06:05 78.163 200 38
18.:05:31 27.536 670 68 18.05:26 23.289 299 01 18:06:35 16. 265 599 060 18:06:17 77.967 796 33
18.05:33 27.789 300 92 18.05:43 22.248 924 26 18:06:50 0 18.06:21 77.772 384 64
18:05:52 27.031 410 22 18.:05:45 23.289 299 01 18:07:11 0.331 950 998 18:06:37 77.381 568 91
18:05:59 27.536 670 68 18:05:55 22.248 924 26 18.07:15 12.282 186 890 18.06:41 77.576 972 96
18.:06:02 27.031 410 22 18.06:04 23.289 299 01 18.07:21 12.946 089 170 18:06:47 77.967 796 33
18:06:05 27.284 040 45 18.06:14 22.248 924 26 18:09:12 0 18.07:01 77.381 568 91
18:06:11 27.536 670 68 18:06:20 24.329 732 89 18:09:28 4.315 362 930 18:07:03 77.576 972 96
18:06:13 27.284 040 45 18.06:24 23.289 299 01 18.:09:31 4.979 264 832 18.07:21 77.967 796 33
18.:06:33 26.526 149 75 18.06:33 22.248 924 26 18:09:57 7.302 922 058 18.07:32 77.576 972 96
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Table 2 Part aligned time series data of shearer

BRI R I — I 220 25 i (i DA (E BE A7 058 . %
It I B I R A WL 2.

I 5] RIS LR/ A AR R 1/ °C F5|HE/(dm - s A el B/ °C
18:05.07 23.289 299 01
18:05:12 27.284 040 45 23.289 299 01 — —
18:05:16 27.031 410 22 23.289 299 01 — —
18:05:17 27.031 410 22 24.329 732 89
18:05:19 26.526 149 75 23.289 299 01 7.302 922 058 —
18:05:22 26.526 149 75 22.248 924 26 7.302 922 058 —
18:05:26 26.526 149 75 23.289 299 01 14.605 844 120 —
18:05:29 27.031 410 22 23.289 299 01 14.605 844 120 —
18:05:31 27.536 670 68 23.289 299 01 14. 605 844 120
18:05:33 27.789 300 92 23.289 299 01 14. 605 844 120
18:05:38 27.789 300 92 23.289 299 01 0 —
18:05:43 27.789 300 92 22.248 924 26 0 —
18:05:44 27.789 300 92 22.248 924 26 0 77.967 796 33
18:05:45 27.789 300 92 23.289 299 01 0 77.967 796 33
18:05:52 27.031 410 22 23.289 299 01 0 77.967 796 33
18:05:55 27.031 410 22 22.248 924 26 0 77.967 796 33
18:05:59 27.536 670 68 22.248 924 26 0 T77.772 384 64
18:06:02 27.031 410 22 22.248 924 26 0 78.358 612 06
18:06:04 27.031 410 22 23.289 299 01 0 78.358 612 06
18:06:05 27.284 040 45 23.289 299 01 0 78.163 200 38
18:06:11 27.536 670 68 23.289 299 01 0 78.163 200 38
18:06:13 27.284 040 45 23.289 299 01 0 78.163 200 38
18:06:14 27.284 040 45 22.248 924 26 0 78.163 200 38
18:06:17 27.284 040 45 22.248 924 26 0 77.967 796 33
18:06:20 27.284 040 45 24.329 732 89 0 77.967 796 33
18:06:21 27.284 040 45 24.329 732 89 0 77.772 384 64
18:06.:24 27.284 040 45 23.289 299 01 0 77.772 384 64
18:06:29 27.284 040 45 23.289 299 01 14.937 794 490 77.772 384 64
18:06:33 26.526 149 75 22.248 924 26 14.937 794 490 T77.772 384 64
18:06:35 26.526 149 75 22.248 924 26 16. 265 599 060 77.772 384 64
18:06.:37 26.526 149 75 22.248 924 26 16. 265 599 060 77.381 568 91
18:06:41 26.526 149 75 22.248 924 26 16. 265 599 060 77.576 972 96
18:06:47 26.526 149 75 22.248 924 26 16. 265 599 060 77.967 796 33
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Fig. 1 Correlation coefficients among correlation factors for

overheating trip fault of shearer
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Table 3 Part normalized time series data

751 fisf (] TR T 1R TR TR L Ny PR R AR A% R o Ak )
1 18.05.:07 0.855 012 1 . 285 393 0.971 287 0.748 053 . 618 072 0
2 18:05:16 0.983 311 1 . 221 180 0.881 188 0.677 934 . 619 084 0
3 18:05:26 0. 808 008 1 . 137 430 0.886 138 0.277 681 . 617 349 0
4 18:06:19 0.928 589 1 157 717 0. 866 336 0.438 581 . 617 349 0
5 18:.06:22 0. 828 589 1 . 110 410 0.906 534 0. 485 665 . 623 132 0
6 18:06:27 0.832 362 1 . 151 341 0.831 683 0.510 504 . 622 168 0
7 18.06:57 0. 828 589 0 . 173 284 0.831 683 0.563 797 .619 277 1
8 18.07:10 0. 825 759 1 . 101 933 0. 838 283 0.390 830 . 623 710 0
9 18.:07:34 0.811 610 1 . 100 656 0.830 033 0.537 197 . 623 710 1
10 18:07:44 0.019 534 1 . 113 921 0.815 181 0.056 012 . 623 493 0
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Fig. 5 Fault prediction results
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