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Pattern discovery of liquid level time series data in oil tank
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Abstract: The liquid level of oil tank time series data model is of great significance for oilfield production,
management and disaster warning. Due to the miscellaneous data system in the field of oil and gas fields,
these data are not classified and marked. There are some methods for manual screening and checking with
graphical tools, which are not suitable for long time uninterrupted production of petroleum industry. In the
face of the above problems and the shortcomings of the existing methods, a processing method which based
on cascade piecewise linear representation and hierarchical clustering for the characteristics of reservoir tank
level data is proposed. The observation sequence is transformed into discrete linear piecewise sequence, and
each linear segment is clustered by unsupervised hierarchical clustering based on DTW distance, which can
automatically discover the temporal pattern and assign identifiers to annotate the sequence. Based on the
data of oil tank level sequence data, and the implied models and the changing rules were found. The method

has a good ability to recognize and classify the time series change patterns of liquid level, without manual
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screening and inspection, and can view the changing patterns of different granularity according to the need,
which can provide a reference and avenues for time series data pattern recognition and abnormality
detection.

Keywords: cascade piecewise linear representation; similarity measure; time series analysis;

pattern discovery
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Table 1 Probability of fluctuation amplitude distribution of liquid level data

¥ P fE &S
1 0 0.903 559 228
2 1 0.054 731 525
3 -1 0.022 628 398
4 —2 0.001 722 678
5 3 0.001 489 095
6 4 0.001 357 704
7 2 0.001 124 12
8 5 0.000 744 547
9 -3 0.000 642 355
10 —14 0.000 613 157
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Table 2 Basic characteristics of patterns
06 |
BiF s FRAINE EHKE/s - ¥4 7R A R
1 57 286.6 0.059 697 033 8
& 0.5
ﬁf 2 9 1 803.0 0.043 382 826 1
#
04 3 42 370.7 0.059 774 960 9
4 12 1261.2 0.041 312 614 5
0.3 1 5 104 9.1 0.236 385 975 4
o " " ” 6 1 2 519.0 0.040 095 276
k_range 7 10 338.4 0.036 691 904 8
B2 RERBEENBZL 8 16 503.2 —0.021 955 382 8

Fig. 2 Silhouette Coefficient
ig- 2 Silhouette Cocfficien 9 50 184.0 0.029 061 752 6
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Fig. 3 Liquid level data and pattern annotation of a well
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Table 3 Symbolic representation of liquid level sequence

5 A 5 S A K5 A
1 <2,1> 16 <2,7> 31 <4>
2 <3,4,5> 17 <3,4,5,1> 32 <8,5>
3 <3,4,1> 18 <2,7> 33 <5,3,1>
4 <3.4,1> 19 <3.4,5,1> 34 <0,8,5>
5 <2,5,1> 20 <0,8> 35 <5,4>
6 <3,6> 21 <4> 36 <0,8,5>
7 <1> 22 <0,8,5> 37 <5,4>
8 <2,1,4,1> 23 <4> 38 <5,4,1>
9 <3.1,4> 24 <0,8> 39 <0,8,5>
10 <4,5,7> 25 <4> 40 <5,4>
11 <2> 26 <5,8,5> 41 <0,8,5>
12 <2,5,1> 27 <5,4> 42 <5,4>
13 <2,1> 28 <0,8> 43 <4>
14 <2,5,1> 29 <5,4>
15 <{3,5.4,5,1> 30 <0,8>
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Table 4 Comparison of linear segmentation results and PAA under

different thresholds

h=s CPLR PAA

VHB ABFY GETH GETH ABTY

T Y T I e,

1 1.1 301 34.377 48 2.705 2  210.651 4 7.986 194
2 2.1 278 39.892 77 3.130 304 243.3254 8.693 907
3 3.1 300 38.764 17 3.341 303 223.28 8.069 101
4 4.1 297 43.414 12 3.793 738 204.856 4 7.729 249
5 5.1 288  47.537 99 4.101 278 212.290 1 80.985 87
6 6.1 276 51.114 23 4.353 104 224.735 6 8.620 702
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Table 5 Comparison of different hierarchical clustering strategy experiments
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Fig. 5 Clustering results under different clustering strategies and distance measures
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Fig. 6 Different proximity measure results
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Table 6 The number and average distance of clusters in the proximity measure between different clusters

7 i = HgE £t H RS

1 286 5 034.633 4 22 2226.727 3 29 656.862 1 57 812.350 9
2 6 866.666 7 9 2 014.000 0 9 2 014.000 0 9 2 014.000 0
3 1 0.000 0 10 1193.500 0 49 647.755 1 42 717.571 4
4 1 0.000 0 20 2 233.650 0 12 779.916 7 12 779.916 7
5 3 367.666 7 213 479.347 4 1 0.000 0 104 215.740 4
6 1 0.000 0 1 0.000 0 46 1.883.413 0 1 0.000 0

7 1 0.000 O 5 1 655.600 0 91 261.956 0 10 909.900 0
8 1 0.000 0 18 529.833 3 22 2 921.636 4 16 4693.375 0
9 1 0.000 0 3 2 815.333 3 42 829.500 0 50 801.560 0
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