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Abstract: Most of the flooded layers in Chengdao oilfield are saline water flooded. Although the formation resistivity de-
creases monotonically with the increasing flooded degree, the relationship between the decline in formation resistivity and
the flooding degree is extremely complex, and there is no effective method to identify the flooded layers and their flooding
degree. Therefore, a prediction model of the flooded layer based on probabilistic neural network was proposed in this paper.
Firstly, given the actual logging and test results of Chengdao Oilfield, the flooded degree was classified into five levels: un-
flooded , weak flooded , moderate flooded, strong flooded , and extra—strong flooded. The correlation analysis between logging
characteristic parameters and flooding degree was carried out to select the characteristic parameters which could better re-
flect the flooding degree. Secondly, the extracted logging characteristic parameters and test results were employed to con-
struct a learning sample library of the target probabilistic neural network model. Finally, the probabilistic neural network
model was utilized to predict the flooded layers of the identified samples, and comparative analysis was conducted through
the Adaboost algorithm that has good deep learning classification effects. The results show that the prediction accuracy of
the water flooded layers is improved by10% , which improves the identification accuracy of the saline water flooded layers.
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Table2 Flooded layer identification by probabilistic neural network and Adaboost algorithm of training samples

H5 CAL SP DEN R, RS FW K HE PNNFINZES]  Adaboost 52 B T 2K 1)
Al 10.05 80.15 2.05 23.86 18.97 0.06 1 1 1
A2 9.97 83.54 2.12 4.55 3.88 0.99 5 5 5
A3 9.93 75.69 2.02 8.94 8.79 0.79 4 4 4
A4 10.22 73.44 2.20 3.73 3.48 0.98 5 5 5
A5 9.79 61.37 2.07 9.81 7.44 0.56 3 3 3
A6 10.26 66.21 2.10 1.95 2.08 0.99 5 5 5
A7 9.64 55.97 2.05 16.45 16.91 0.25 2 2 2
A8 10.23 19.11 2.15 4.58 3.98 0.85 5 5 5
A9 9.57 81.52 2.07 5.08 4.03 0.87 5 5 5

A10 9.55 83.40 2.05 8.20 6.48 0.80 4 4 4

All 10.08 51.24 2.08 9.00 7.73 0.60 4 4 4

A12 1039 7891 2.06 1.78 134 0.88 5 5 5

Al13 9.75 48.61 2.07 1353 12.87 0.15 2 2 2

Al4 0.00 73.56 0.00 6.65 5.86 0.69 4 4 4

Al5 10.02 82.19 2.10 8.07 7.09 0.73 4 4 4

Al6 10.25 65.69 2.08 6.40 6.63 0.93 5 5 5

A17 1038 58.61 2.15 7.26 8.13 0.60 4 4 4

Al8 9.49 73.20 0.00 8.04 6.71 0.34 3 3 3

A19 9.85 28.22 2.12 7.10 6.17 0.73 4 4 4

A20 9.49 72.33 0.00 6.77 5.86 0.64 4 4 4

A21 9.76 68.51 2.10 8.05 6.73 0.43 3 3 3

A22 9.49 53.57 0.00 9.20 6.87 0.42 3 3 3

A23 9.76 50.05 2.06 13.42 12.83 0.22 2 2 2
A24 9.98 63.93 2.03 15.39 14.10 0.10 1 1 1
A25 10.05 78.61 2.05 2226 17.84 0.06 1 1 1

A26 9.78 60.98 2.10 8.56 5.77 0.56 3 3 3

A27 9.84 41.84 2.11 8.82 8.06 0.33 3 3 3

A28 9.79 49.37 2.07 10.00 9.75 0.37 3 3 3

A29 9.97 80.31 2.13 3.28 2.97 0.98 5 5 5

A30 9.74 49.84 2.07 11.30 10.96 0.57 3 3 3

A31 0.00 72.97 0.00 6.23 5.49 0.74 4 4 4

A32 9.91 63.73 2.03 10.94 9.86 0.34 3 3 3

A33 10.20 61.74 2.10 10.14 11.80 0.41 3 3 3

A34 10.22 73.20 2.20 3.72 3.47 0.99 5 5 5

A35 10.20 61.48 2.10 9.99 11.61 0.38 3 3 3

A36 10.17 60.77 2.14 9.99 11.51 0.48 3 3 3

A37 10.00 64.07 2.09 27.91 34.77 0.02 1 1 1

A38 10.11 60.97 2.14 10.19 11.78 0.46 3 3 3

A39 10.06 61.14 2.14 10.47 12.11 0.44 3 3 3

A40 10.64 74.86 2.13 8.88 9.49 0.41 3 3 3

A4l 10.04 75.41 2.06 13.29 11.98 0.21 2 2 2
A42 9.79 61.41 2.06 9.04 6.81 0.58 3 3 3
A43 9.99 63.38 2.08 31.07 38.36 0.02 1 1 1
A44 9.75 49.65 2.07 13.03 12.46 0.23 2 2 2

A45 10.25 60.29 2.15 9.07 10.45 0.57 3 3 3

A46 10.47 59.77 2.14 9.87 10.13 0.15 2 2 2
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Table3  Flooded layer identification by probabilistic neural network and Adaboost algorithm of testing samples

Pin=2 CAL SP DEN R, RS FW VSt Eil PNNFIMZ 5 Adaboost 51 Tl 45 1)
A47 10.05 77.80 2.05 24.51 19.62 0.02 1 1 1
A48 10.64 76.09 2.13 10.71 11.37 0.26 2 2 2
A49 10.12 64.33 2.07 17.03 20.52 0.09 1 1 1
A50 10.04 72.49 2.07 15.40 14.04 0.20 2 2 2
A51 9.95 60.77 2.03 9.52 8.34 0.45 3 3 3
A52 10.05 77.77 2.05 22.04 17.81 0.03 1 1 1
AS3 9.52 62.29 2.10 13.90 12.11 0.20 2 2 2
A54 10.05 75.99 2.08 13.78 12.68 0.28 2 2 2
ASS 9.92 67.40 2.02 10.99 10.24 0.39 3 3 3
A56 10.05 76.61 2.06 23.68 18.76 0.05 1 1 1
A57 9.79 69.53 2.02 28.25 23.14 0.03 1 1 1
A58 9.99 35.90 2.09 12.09 13.15 0.29 2 2 2
A59 9.97 38.55 2.08 14.70 15.57 0.23 2 2 2
A60 9.82 68.35 2.04 25.50 20.43 0.01 1 1 1
A61 10.01 64.89 2.11 20.72 24.87 0.07 1 1 1
A62 10.20 62.57 2.14 7.36 8.94 0.78 4 4 4
A63 10.00 63.80 2.09 26.79 33.31 0.10 1 1 1
A64 10.34 78.83 2.05 2.06 1.51 0.94 5 5 5
A65 10.13 66.01 2.09 13.27 16.34 0.29 2 2 2
A66 9.38 60.31 2.05 15.88 13.70 0.10 1 1 2
A67 10.05 75.26 2.04 19.14 15.63 0.05 1 1 1
A68 10.03 82.17 2.11 8.44 7.36 0.67 4 4 4
A69 10.01 82.38 2.11 7.96 6.97 0.76 4 4 3
AT70 10.12 64.20 2.07 17.13 20.64 0.08 1 1 1
AT71 10.21 65.72 2.07 8.08 10.51 0.69 4 4 4
AT2 10.37 63.09 2.11 8.17 9.39 0.67 4 3 4
A73 10.13 60.66 2.08 8.90 7.95 0.41 3 3 3
AT74 10.14 60.84 2.06 9.41 8.35 0.42 3 3 2
AT5 9.67 63.99 2.2 9.08 7.66 0.57 3 3 3
A76 9.63 66.23 2.19 7.97 6.62 0.40 3 3 3
A77 9.85 69.68 2.07 13.98 11.51 0.15 2 2 2
A78 9.79 57.39 2.07 11.29 9.45 0.26 2 2 2
A79 10.05 78.52 2.05 22.08 17.70 0.06 1 1 2
A80 10.12 63.95 2.07 17.33 20.89 0.07 1 1 1
A81 10.25 64.59 2.12 5.16 5.27 0.84 5 5 4
A82 10.25 65.34 2.1 6.21 6.39 0.9 5 5 5
A3 9.74 49.12 2.08 10.77 10.55 0.44 3 3 3
A84 9.96 60.78 2.04 9.35 8.26 0.52 3 2 3
A85 9.77 41.85 2.06 9.53 8.67 0.13 2 2 2
A86 9.66 4251 2.07 9.63 8.59 0.1 2 2 2
A87 10.01 63.68 2.09 25.07 31.86 0.02 1 1 1
A8 10.00 64.63 2.08 32.33 40.82 0.02 1 1 1
A9 9.97 80.56 2.04 3.99 4.02 0.98

5
A90 10.26 66.42 2.09 2.65 3.18 0.91 5
A91 9.93 74.59 2.02 8.27 8.20 0.66 4
A92 0 35.35 0 6.38 5.74 0.75 4
A93 9.56 62.28 2.07 13.84 12.05 0.23 2
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Table4 Comparison analysis of flooded layer prediction results
from probabilistic neural network and
Adaboost algorithm with test results
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RIKHE 7 0 100.00 5 2 71.43
557K HE 6 0 100.00 6 0 100.00
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IR K T 4 1 80.00 4 1 80.00
B 27 3 90.00 24 6 80.00
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Fig.4 Well logging prediction and quantitative interpretation of saline water flooded layers in Well A85 of Chengdao Oilfield
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