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Abnormal identification of dynamic liquid level measurement data
in oil wells based on normalized RBFNN

Jia Lu'  Zhao Lei” Ling Fei” Li Guangya'
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Abstract: In order to solve the lack of accuracy of data feature extraction caused by missing values, nonlinear and non-
stationary characteristics in the measurement data of oil well dynamic liquid level, and the problem that the accurate
measurement of oil well dynamic liquid level position cannot be achieved, an abnormal identification method of oil well
dynamic liquid level measurement data based on normalized RBF neural network is proposed. Through the sensor
installed on the oil well to collect data in real time, the multi-source oil normalization processing technology based on
expert database is used to complete the data verification and integration. Empirical mode decomposition (EMD) is used
to decompose the data into trend and fluctuation terms. After removing the fluctuation terms, the trend data is used as
the input of normalized RBF neural network. The experimental results show that this method can effectively complete
incomplete data, accurately identify abnormal data through the trend term and provide reasonable alternative values,
and the obtained dynamic liquid level position curve is basically consistent with the actual dynamic liquid level position
curve, with the maximum error of less than 2 m, which can realize the accurate estimation of the dynamic liquid level
position of oil wells. The abnormal identification method of oil well dynamic liquid level measurement data based on
normalized RBF neural network solves the challenges brought by data missing, nonlinearity and non stationarity,
realizes the accurate estimation of oil well dynamic liquid level position, and provides technical support for real-time
monitoring and data analysis of oil well dynamic liquid level.
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Fig. 1 Calibration flow of multi-sensor measurement

data based on normalization processing
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Fig. 2 Experimental environment
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Table 1 Partial hydrodynamic level measurement data of the well in 2022

S B i/ i &/ BE/ P/ 7/ v FRAE/ ﬁ?ﬁtt/ R/
min "' MPa MPa ted™! ted™! ted™! % m’em * %

2022. 3. 25 4.5 0.28 3.8 6.8 1.5 345 75.25 48.52 24.48
2022.4.12 8.5 0. 32 4.2 5.6 1.4 342 74. 15 52. 04 21. 36
2022.5. 15 4.5 0.8 4.6 1.5 354 76. 85 55. 36 27.45
2022.6.02 3.5 0.32 4.2 5.8 1.2 362 72.56 54.25 22. 14
2022.6. 18 0. 35 12.2 9.5 1.3 USD¥ A 69. 54 60. 05 27.45
2022.7.5 3.5 0. 35 4.6 5.5 1.1 322 68. 75 132. 07 23. 54
2022.7. 30 5 0. 35 3.5 6.5 1.6 348 70. 22 49. 97 22.14
2022.8. 16 5 0.28 3.2 6.8 1.2 332 71. 36 42.58 19. 28
2022.9.11 5 0.28 3.5 7.2 1.5 72.58 50. 33 16. 84
2022.10.9 0. 28 7.2 0.9 315 78.22 62. 84 17.25
2022.10. 22 5 0.28 9.5 1.5 345 77.22 77.25 14.52
2022.11.10 5 0.28 4.5 4.8 4.4 295 74. 89 39. 23 16. 84
2022.11. 30 5 0.28 4.5 1.8 318 74.22 47.62 46. 31
2022.12.18 5 0.28 4.2 5.6 1.6 330 78. 24 14.02
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Table 2 Calibration results of measurement data

BRI H I H 5 5 BE
2022. 5. 15 i/ MPa 0.32
2022. 6. 18 K/ min ! 3.5
2022.9. 11 FER/ted ! 322
2022.10.9 K/ min 5
2022.11. 30 P/ ted 5.2
2022.12. 18 AW/ m?em ™ 41.12
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Table 3 Abnormal identification results of

measurement data

B A SEIRTH O RGEE HHRESE
2022. 4. 12 K/ min™! 8.5 4.5
2022.5. 15 £ i /MPa 0.8 3.8
2022. 6. 18 £ JE /MPa 12.2 4.2
2022. 6. 18 PR/ ted ! USDY A 312
2022.7.5 SWH/Lem ®  132.07 55. 87

2022.11. 10 7/ ted 4.4 1.4
2022.11. 30 /% 46. 31 13.31

XL o b2 2 a3 B . BT LUE AR SO
B T I S Bl R v A P SR (S A R e L O
AEA BB EMEE. fln, % 2022 424 A 12 H
B AR E R R Y 8. 5 min ' TSR AFNNY 4.5 min ',
122 VR B L B0 S PR R MER T . TR B 2022 4F
6 7 18 HEY/ B A X ik H 4 R B “USDY AV TE
ERIERRR 312 tod L BROR T B8 O R M . B A SO
2T LB TR E 0 RS a0 BE 0 T S L SR R AR R e b S
TSR P AR T 0 S (0 A S



% B 5. A T2 —4 RBENN &3 330k @ 0 3 K 3% 7% 9517

5524 W

2.3 xfbsEIe

R T ik — 25 B UE AR SCHE T I — 16 RBF 4 48 W 45 19 i
IS0 W T S S S H R O A ROt B R L S g
HEATIRIE . ¥ 3 T 2w S A5 BURRE Al & bl 28 W 45 5 35, N
M 7 SR O Ak O vk AR S X H T i 5 AR SO vk 3 R E AT
M,

3 Ffr Iy 3 X - 3l W T D RS Y SR SR AT B
T, S AT 70 H S0 T A S, A5 B0 A [ O 3 T 8l
T TET 7 A T 2 SR N S B S TR A R A S AN [R] O vk N
SR BEPHR I HES M . X g R E 6 iR .

1780 —m BRI ALE
—o AXA )
1770 |- 2T AR RRHERA
o WEMEFE
. AR A
£
= 750 - .
R
1740 -
1730 -
1720““‘.‘,35‘2,“;\,“0‘0
N S N
PSS STY YIS IS
H3#
6 Bl I AR & 2
Fig. 6 Soft measurement results of hydrodynamic surface
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