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Abstract: Permeability is a critical parameter in subsurface fluid flow analysis, reservoir management,
hydrocarbon recovery, and carbon dioxide sequestration. Traditional permeability measurement methods involve costly
and time-consuming laboratory tests or well-related data. Machine learning (ML), specifically convolutional neural
networks (CNN), is proposed as a cost-effective and rapid permeability prediction solution, harnessing
interrelationships of input-output variables. In this study, empirical permeability correlation was developed using CNN.
Forty nuclear magnetic resonance (NMR) T2 spectrums and 89 logarithmic mean NMR T2 distributions (T2Im) were
preprocessed, screened and key spectra were identified using the principal component analysis (PCA). To develop the

correlations, a custom-designed CNN architecture was employed to leverage the spatial patterns and intricate
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relationships embedded in the NMR data. The model was trained and validated rigorously using k-fold cross validation
scheme to ensure robustness and generalization. Performance metrics like R-squared (R2), root mean squared error
(RMSE), mean absolute error (MAE), standard deviation (SD), absolute deviation (AD), average absolute deviation
(AAD), average absolute percentage relative error (AAPRE), and maximum error (Emax) were deployed to evaluate the
model's accuracy and ability to predict permeability values accurately. Among the folds considered, the fold 1 emerged
as the best-performing model with the highest R2 value of 0.9544. This CNN-based correlation outperformed
conventional and other Al-based models in terms of R2, Emax, AD, AAD, AAPRE, among other metrics. Overall, the
study demonstrates the effectiveness of CNN in predicting permeability, offering a superior alternative to costly and
limited traditional methods, with fold 1 showing the most promising results.
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Figure 1 CNN Architecture
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Figure 2 Model Description of the CNN Model
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Figure 3 Workflow for the CNN Model
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