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Abstract . Judging overflow accidents based on well logging parameters relies heavily on the experience of on-

duty personnel, and the comprehensive well logging parameters collected in-situ have severe noises and unclear
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parameter change characteristics, resulting in low accuracy of overflow monitoring. A multi-parameter synchro-
nous overflow identification method was obtained through low-pass filtering and locally weighted linear regres-
sion to remove the high-frequency signals and low-frequency noises of the in-situ comprehensive well logging
parameter curves, and after normalization processing. Combined with the characteristics of the GCN graph
matching and the BRNN bidirectional transmission, the GCN-BRNN fusion model was established to improve
the accuracy of overflow accident monitoring. The results show that, the local weighted linear regression can
make the curve change characteristics more obvious, and the accuracy of the multi-parameter synchronous mo-
nitoring after normalization is higher than that of the single-parameter monitoring. With the comprehensive well
logging data of a well in western Sichuan as an example, compared with the original model, the combined mod-
el has a higher accuracy reaching 85% in overflow identification. The characteristics of the reservoir affect the
accuracy of logging parameter collection; the more uniform the reservoir distribution structure is and the more
stable the properties are, the higher the accuracy of overflow monitoring will be. After in-situ application in the
JT well, the identification accuracy of overflow accidents is =89% , and the actual overflow risk is consistent
with the model identification results. This method can effectively handle conflicts between multiple sources of
information, improve the accuracy of overflow monitoring, and provide guidance for in-situ overflow accident

monitoring methods combined with well logging parameters.

Key words: drilling overflow monitoring; parameter characteristic; filtering denoising; locally weighted linear

regression; neural network
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Table 1 ~ Multi-well historical composite well logging data

time /s standpipe pressure /MPa  total hydrocarbons (x107°) mud pit volume /m? inlet-outlet flow differential /(L-s™")

0 10.09 0.62 100.54 0.6
20 10.41 0.64 100.56 0.66
40 10.57 0.75 100.52 0.66
60 10.99 1.08 100.29 0.51
80 11.11 1.36 100.29 0.74
100 11.21 1.55 100.21 0.78
120 11.3 1.59 100.11 0.86
140 11.35 1.58 100.02 0.9
160 11.39 1.46 100.08 0.85
180 11.27 1.35 100.05 0.9
200 11.4 1.35 100.08 0.88
220 11.32 1.42 100.06 0.85
240 11.4 1.39 100.03 0.85
260 11.36 1.33 100.06 0.86
280 11.34 1.27 100.15 0.81

300 11.34 1.23 100.05 0.8
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Table 2 Analysis of feature parameter changes after overflow occurrence
feature parameter change characteristics after overflow occurrence reason
standpipe pressure decrease overflow intrusion reduces static fluid column pressure
overflow is often accompanied by abnormal increases in total hydrocarbons
total hydrocarbons increase
content and gas composition of various hydrocarbon classes
overflow intrusion into annulus causes gas volume expansion,
inlet-outlet flow differential increase
displacing drilling fluid
total pit volume increase formation fluids intrude into annulus, increasing return volume
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Table 3 Comparison of final predicted results from models

model P R F, 8 see
GCN 0.63 0.62 0.62 0.64
BRNN 0.75 0.77 0.76 0.77
GCN-BRNN 0.8 0.85 0.83 0.85
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Table 4 Identification results of partial well historical data

well ID reservoir type overflow frequency identified overflow frequency accuracy /%
PZ1-X shale 11 10 91
GS1-Y carbonate rock 16 15 94
YT2-X sandstone 6 6 100
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Table 5 The application status of the JT well model

depth /m time abnormal type occurrences /s warnings early warning accuracy /%
5275.88~5 282.20 2023-06-28 overflow 2 2 78 (yes) 100
5 284.33~5 303.40 2023-06-30 overflow 3 3 42(yes) 100
5305.75~5 318.19 2023-07-09 overflow 4 4 83 (yes) 100
5319.11~5 324.92 2023-07-11 overflow 8 9 60( yes) 89
5326.36~5 413.26 2023-07-12 overflow 5 5 80( yes) 100
4 4 1B
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