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Abstract The quality of cementing is crucial for the production efficiency and lifespan of oil and gas wells. Currently, the
most widely used method is acoustic amplitude variable density logging for evaluation. However, the interpretation process is
complex, and decisions related to major risks need to be made based on the results of cementing interpretation. Therefore, the
evaluation of cementing quality must be undertaken by experienced experts, which is time-consuming and labor-intensive. In
order to improve the efficiency of cementing interpretation, we used convolutional neural networks such as VGG and ResNet to
automatically interpret cementing quality, but the accuracy was insufficient. Therefore, we proposes a method of parallel con-
nection between multi-layer perceptions and convolutional neural networks (MLP-CNN), where acoustic amplitude data is input
into multi-layer perceptions and variable density logging images are input into convolutional neural networks; We modifies the
structure of convolutional neural networks by setting convolutional kernels of different sizes to extract information at different
scales for features with varying density maps, such as the thickness, brightness, and shape of stripes. We used 9000 data from
the Fuyuan block of the Tarim Qilfield for training and validation. The results showed that compared to traditional convolutional
networks such as VGG and ResNet, the MLP and CNN parallel networks effectively improved the accuracy of cementing quality
recognition, with an evaluation accuracy of 90%. Furthermore, compared to a single scale convolutional kernel, the convolutional
neural network algorithm with multiple convolutional kernels of different sizes is more suitable for extracting features from
variable density cementing images. We modified the structure of the convolutional neural network and established an MLP-CNN
neural network with three convolutional kernels of different sizes, which improved the accuracy by 5% compared to the MLP-
CNN model with a single convolutional kernel; meanwhile, we compared the time complexity and spatial complexity of seven
networks. The findings revealed that the MLP-CNN parallel network efficiently mitigates a substantial number of ineffective
convolutions, thereby reducing model computational costs and enhancing computational efficiency. Finally, in order to test the
transferability of the model, we used 60000 data from the Manshen and Yueman blocks of the Tarim Oilfield for testing, and the
evaluation accuracy reached 89%, indicating a satisfactory migration effect and robust performance of the model.
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Table 1 Example of cementing quality interpretation
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Fig. 4 Principle of sound amplitude variable density logging
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Fig. 6 Design ideas for multi-scale feature extraction network
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Table 2 Annotation Method for Cementing Quality Training Set
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Table 4 Performance comparison between MLP-CNN and commonly used convolutional networks
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Fig. 9 Classification confusion matrix for cementing quality in Fuyuan block
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Fig. 10 Time and spatial complexity of different algorithms



FLT MLP—CNN f [ TR REEA 71k

733

1) 52 2% B2 A2 [ 52 2 BE ARV LA, AR T A 3
ASFNIB ST TR A
4.3 HEBEIFHHR

ARTC 4.1 FYEE R B B TH & 5 X R 4 P
HOF AR 2EAT IR g, Sy 1 A R ) I A8 AL
R, ASCHEAE B IR DX B f I k4 A9 MLP—CNN B B
FE I T LA FE 6 R PR X R 8 11 b4 7

I, BE R AIRAZE R LR 6, W BRI X B[ I
i ISR IE AR R UL 11 FiEl 12,

ME AT 12 9w DLFEH, 2l iE B
Jei, TR X B B U R R 89.02%, BRI X B Ky
89.57%, SMARLHIERHEN 89.16%, FEPIANIX Huri i
— IR A YERE TN MR KT 85%, BEHIA SCHE
(1) MLP—CNN 15 51 X6 46 A 73 S8 35 4 B b (0 AR 5808,
BRI R BOR AT .

*F6 HRTEKFXRMRLE R
Table 6 Test results of Manshen and Yueman block
X -4 FEAS B PRI IE AL HERfiR ACC
TR 2 7420 6481 87.34
TR 3 7580 6917 91.25
e W 4 7420 6735 90.77
TR .
TR 5 7632 6553 85.86
T 20 7292 6556 89.91
T 301 7552 6726 89.06
. BRI 23 7429 6688 90.02
R -
BRI 251 7508 6691 89.12
Bt 59833 53347 89.16
A b 1021 158 2 0 0 0 0 1207
84.59%
40000
B L 135 8549 957 11 0 0 0 -
91.67% 35000
c b 49 610 10322 641 20 0 o o 30000
2 9948
ﬁg DL o 0 697 8904 249 12 1 25000
ﬁ
gL o 0 0 322 2874 19 38 32%40%4, 20000
5126 4 15000
EL O 0 0 65 154 4633 251 g0.38%
4 10000
3965
gk o 0 0 5 45 462 365
4 5000
Bz | 1181 9652 11642 9884 3257 5103 4177
=/ 86.45% = 88.57% 88.66% 90.08% 88.24% 90.79%  87.74% L 1y
A B c D E F G BEER
FUNAREE
B 1l HRRREHREN D KRIEERE

Fig. 11 Classification confusion matrix for cementing quality in ManShen block
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